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a b s t r a c t 

Background and Objective: Detection of metastatic tumor cells is important for early diagnosis and staging 

of cancer. However, such cells are exceedingly difficult to detect from blood or biopsy samples at the 

disease onset. It is reported that cancer cells, and especially metastatic tumor cells, show very distinctive 

morphological behavior compared to their healthy counterparts on aptamer functionalized substrates. The 

ability to quickly analyze the data and quantify the cell morphology for an instant real-time feedback can 

certainly contribute to early cancer diagnosis. A supervised machine learning approach is presented for 

identification and classification of cancer cell gestures for early diagnosis. 

Methods: We quantified the morphologically distinct behavior of metastatic cells and their healthy coun- 

terparts captured on aptamer-functionalized glass substrates from time-lapse optical micrographs. As a 

proof of concept, the morphologies of human glioblastoma (hGBM) and astrocyte cells were used. The 

cells were captured and imaged with an optical microscope. Multiple feature vectors were extracted to 

quantify and differentiate the complex physical gestures of cancerous and non-cancerous cells. Three dif- 

ferent classifier models, Support Vector Machine (SVM), Random Forest Tree (RFT), and Naïve Bayes Clas- 

sifier (NBC) were trained with the known dataset using machine learning algorithms. The performances 

of the classifiers were compared for accuracy, precision, and recall measurements using five-fold cross- 

validation technique. 

Results: All the classifier models detected the cancer cells with an average accuracy of at least 82%. The 

NBC performed the best among the three classifiers in terms of Precision (0.91), Recall (0.9), and F 1 -score 

(0.89) for the existing dataset. 

Conclusions: This paper presents a standalone system built on machine learning techniques for cancer 

screening based on cell gestures. The system offers rapid, efficient, and novel identification of hGBM 

brain tumor cells and can be extended to define single cell analysis metrics for many other types of 

tumor cells. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Over the past few years, numerous effort s have been made

o detect tumor cells for early cancer diagnosis. Early detection
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nd treatment of cancer has very high survival rates and dra-

atically improved quality of life. The detection of cancer cells is

hallenging due to their rare presence in blood samples at early

tages. In a similar vein, the identification of metastatic and ag-

ressive cells is very important for cancer staging. Several methods

ave been employed to capture and identify tumor cells based on

heir physical, mechanical, and chemical properties (e.g., size, de-

ormability, electrical polarizability) [1] . For example, tumor cells

ave been recognized based on their biophysical properties using
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microfiltration, atomic force microscopy, micropipette aspiration,

and micropore devices [2–7] . The distinct electrical charge of tu-

mor cells have also been utilized for electrophoresis-based sep-

aration [8] . In the past decade, ligand-based tumor cell capture

platforms have been widely used for highly sensitive and selec-

tive applications [9–13] . Such affinity-based methods have been

explored to selectively tag magnetic and fluorescent particles for

cancer screening [14–16] . Although these techniques have their

own advantages, these methods often require complex and time-

consuming post-capture analysis for further verification. There is

huge disparity in knowledge for rapid, low-cost, and highly sensi-

tive platforms for cancer screening. 

Various cell screening methods have been demonstrated to an-

alyze static images of cells, and a significant amount of work

has been reported on automated high-throughput microscopy

with rapid image acquisition [17–19] . Several fluorescently tagged

biopsy samples have been imaged and analyzed to classify multi-

ple cell phenotypes and morphologies [20–22] . Nevertheless, static

image-based classification techniques are limited to analyze cell

composition only and cannot capture the behavior of cells. There-

fore, time-resolved live-cell imaging is the way to go to ana-

lyze complex and dynamic cellular processes. It has already been

shown that the morphology of cancer cells correlates to their gene

expression profile [23] . Fluorescence time-lapse imaging has been

used to investigate complex dynamic processes such as cell divi-

sion, cell motility, and intracellular trafficking [24–26] . We have

reported in our previous works that tumor cells show distinc-

tive morphologies on bio-functionalized substrates [27–30] . Vi-

sual inspection of morphological dynamics from large-scale data

is very time-consuming, labor-intensive, and unreliable. Even a

well-trained pathologist would have to spend a great deal of time

to process and analyze the data from simple biological assay.

The overwhelming size of data motivates the design of machine

learning approaches for the classification of cell phenotypes, ge-

netic sequences, protein expressions, and their physical properties

[31–35] . The ability to process and learn from a large number of

time-resolved images and a comprehensive analysis of cell gestures
(  

Fig. 1. Schematic shows overview of dynamic morphological analysis of cell gestures. Op

detect the cell-contour. A collection of feature vectors is extracted to generate a morph

algorithm is used for decision-making to classify the cells based on the training data. On

resemblance of their feature vectors to the known dataset. 
re reported here. It is a unique contribution towards effective de-

ection and classification of cancer cells. 

This paper presents a predictive computational framework to

iagnose cancer by interpreting complex dynamic behavior of cells

rom microscopic time-lapse images. We have defined and ex-

racted 50 characteristics features to quantify the intricate ges-

ures of cells. A supervised machine learning algorithm was imple-

ented to create a classification model that identified metastatic

umor cells derived from solid-biopsy of a cancer patient. The

ealthy counterparts of tumor cells, astrocytes, were also incubated

n an aptamer-functionalized glass surface. We incorporated the

emporal context into the annotation scheme to define the gestures

f cells. Cell gestures were quantified in terms of features such as

ell geometry, cellular protrusions, and morphological changes in

ellular boundary over time. The feature vectors were combined in

 dataset to train and validate a predictive model. The approach

as demonstrated to selectively detect metastatic human glioblas-

oma (hGBM) cells and astrocytes with an average accuracy of 85%.

he approach is equally valid for large-scale applications towards

he detection of tumor cells without labeling the cells. This is a

ovel system to detect cancer cells from cell gestures and can be

eadily used by pathologists and life science researchers to study

ell behavior for disease diagnosis. 

. Methods and experimental setup 

.1. System overview 

A high level overview of the system is shown in Fig. 1 . The cell

reparation and sample collection section included a functional-

zed surface and an optical microscope to record time-lapse im-

ges of cells. Cells were introduced on anti-EGFR (EGFR: Epidermal

rowth Factor Receptor) functionalized surface and the morpho-

ogical behavior of cells was analyzed from their time-lapse opti-

al micrographs. The classification of cancerous and non-cancerous

ells was done based on the dynamic cell morphologies. The clas-

ification process consisted of two major stages (i) training and

ii) prediction. The image segmentation component cropped out
tical micrographs of the cell population are processed with image analysis tool to 

ological profile. The data for cell gesture is stored in a dataset. Machine learning 

ce the classification model is developed, unknown cells are classified based on the 
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Fig. 2. Schematic representing anti-EGFR aptamer functionalization on glass sub- 

strate. 
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ndividual cell images from every frame of the time-lapse op-

ical micrographs. The feature extraction part computed shape-

ependent feature vectors. Machine learning algorithm was used

o build the classifier based on known samples. Once trained, the

lassifier identified the unknown cell samples based on their dis-

inguishing features. 

.2. Experimental setup 

.2.1. Surface functionalization 

Glass slides were functionalized with the anti-EGFR aptamer

olecules. All chemicals were obtained from Sigma-Aldrich unless

therwise noted. The functionalization process is described in our

revious work [27,28] . To summarize, clean glass slides were func-

ionalized with a silane reagent ((3-Aminopropyl)triethoxysilane),

rosslinker ( p -Phenylene diisothiocyanate), DNA capture molecule,

nd RNA aptamer (anti-EGFR) sequentially to immobilize aptamers

n the substrates. The DNA linker with customized sequence was

btained from Integrated DNA Technologies and the anti-EGFR ap-

amer was designed through SELEX process at the University of

exas at Austin. The anti-EGFR aptamer sequence was: 5 ′ -GGC GCU

CG ACC UUA GUC UCU GUG CCG CUA UAA UGC ACG GAU UUA

UC GCC GUA GAA AAG CAU GUC AAA GCC GGA ACC GUG UAG

AC AGC AGA GAA UUA AAU GCC CGC CAU GAC CAG-3 ′ (the ex-

ended sequence is shown in italics and it was used to bind to

apture DNA). Aptamers are synthetically selected DNA or RNA

ligonucleotides that bind to target molecules and are used for

ancer diagnosis and therapeutics [36–38] . The sequence of the

NA capture molecules was 5 ′ -amine-CTG GTC ATG GCG GGC ATT

AA TTC-3 ′ . A mutant aptamer of the same length with a scram-

led sequence was used for the control experiments. The sequence

or mutant aptamer was 5 ′ -GGC GCU CCG ACC UUA GUC UCU GUU

CC ACA UCA UGC ACA AGG ACA AUU CUG UGC AUC CAA GGA

UU CUC GGA ACC GUG UAG CAC AGC AGA GAA UUA AAU GCC

GC CAU GAC CAG-3 ′ . The presence of the aptamer on the glass

urface was characterized with fluorescence imaging (with acri-

ine orange). A schematic of the surface functionalized substrate

s shown in Fig. 2 . 

It has been reported previously that most of the cancer cells

verexpress EGFR on cell membrane [39,40] . The EGFR density on

ung and brain tumor cells is in the range from 40,0 0 0 to 10 0,0 0 0

er cell. It has also been shown that EGFR is responsible for the

roliferative nature of cancer cells [41] . It is the constant activation

f these EGFR that causes the cells to go through morphological

hanges. 

.2.2. Cancer and healthy cell preparation 

Human glioblastoma (hGBM) cells and astrocytes were used for

ell-gesture comparison. The hGBM cells were obtained from a

onsenting patient at the University of Texas Southwestern Med-

cal Center at Dallas, Texas as per the approved institutional

eview board (IRB) protocol [28] . The hGBM are brain tumor

ells that have distinct EGFR overexpression. The astrocytes are

ealthy counterparts from the same lineage as hGBM cells. The

GBM specimens ( ∼50 mm 

3 ) were collected from patient’s tu-

or mass and kept in ice-cold HBSS medium immediately af-

er removal from brain. The red blood cells were removed by
ymphocyte-M (Cedarlane Labs). The hGBM tissue was gently dis-

ociated with a solution of papain (2%) and dispase (2%). It has

een reported that GBM cells can be identified by a cell sur-

ace glycoprotein, CD133 [42–44] . The triturated solution was

hen tagged with CD133/2 (Miltenyibiotec-293C3)-PE antibodies

nd sorted with Fluorescence-Activated Cell Sorting (FACS) Cal-

bur machine (BD Biosciences). Cells were suspended in serum-

ree DMEM/F-12 medium (20 ng/ml of mouse EGF, 20 ng/ml of fi-

roblast growth factor, 1 × B27 supplement, 1 × Insulin-Transferrin-

elenium-X, and 100 units/ml penicillin - 100 μg/ml streptomycin)

t 3 × 10 6 cells/60-mm plate density. Only CD133-positive cells

ere used in the experiments (referred as hGBM). The astrocytes

sed for control experiments were also derived from human pa-

ients. After extraction and culture, the astrocytes were isolated

rom microglia and oligodendrocytes and were grown in culture

edium. 

.3. System components 

.3.1. Image acquisition and processing 

Cells were suspended on the glass substrates at a density of

0 0,0 0 0 cells/ml and were allowed to interact with the function-

lized substrates. Time-lapse optical micrographs were acquired at

n interval of 30 seconds for 15 minutes using a Leica optical in-

erted microscope (Leica DM IL LED) with DFC295 CMOS color

amera at 20 × magnification. A mercury light source (Leica clas-

ic) was used to illuminate the samples from the bottom side. All

ransmitted-light images were acquired in the Differential Interfer-

nce Contrast (DIC) mode with 20 ms exposure time. A larger in-

erval might have failed to capture the morphological changes of

ells. Alternatively, a smaller interval was preferable to monitor

he cell activity more precisely but at the cost of increased data

ize. The entire substrate was imaged with a moving stage micro-

cope. The micrographs were acquired and stored at 4096 × 3072

esolution in TIFF format. After contrast enhancement and Wiener

ltering on the acquired images, each cell image was separated

n a 200 × 200 pixel (60 μm x 60 μm) cropping window using im-

ge segmentation algorithm [27] . With 15 seconds interval, a set

f 25 images was allocated for each cell depicting states of that

articular cell to measure the dynamic morphology over time. The

epresentative time-lapse images of a cancerous and a healthy cell

re shown in Fig. 3 . These images were processed and analyzed to

uantify the cell gestures with a set of feature vectors. The fea-

ures were used to construct a dataset to train and validate the

ystem. All the algorithms were implemented in MATLAB (v2013a)

nd Python (v3.5) software. Python package scikit-learn (v0.18)

as used for the machine learning. 

.3.2. Feature extraction and annotation of cell gesture 

A level-set algorithm was applied to detect the contours of the

ell from each image [45] . Multiple feature vectors, such as the

enter of mass, area, perimeter and equivalent-radius of the cell,

ere extracted from the cell’s contour. Other shape defining pa-

ameters such as aspect ratio, convexity, bounding rectangle, mini-

um enclosing circle, best-fitted ellipse, extent, and solidity of the

hape were also calculated to characterize cell gestures at various

nstances of time. Fig. 4 demonstrates a few shape defining fea-

ures extracted from cell contour. 

Cancer is a disease of abnormal cell growth and unusual cel-

ular activity. Tumor cells have larger sizes, greater nucleus-to-

ytoplasm ratios, and very different cytoskeletal structures in con-

rast to normal cells. In addition to that, we have observed that

hese cells show distinct dynamic morphology. To quantify the

hanges in cell shape over time, the rate of change of the shape-

arameters were also taken as another set of feature vectors. The

ausdorff distance between consecutive frames, uniformity of cell
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Fig. 3. Representative time-lapse images of a cancer cell and a healthy cell on anti-EGFR functionalized surface taken with an optical microscope. The changes in cell 

morphology over time are more pronounced for cancer cell. 

Fig. 4. Features extracted from grayscale optical micrographs of a cell. (a) Grayscale image of cell. The scale bar is 10 μm. (b) Contour of the cell. (c) 4-point shape estimation. 

(d) Convexity from cell contour. (e) Bounding rectangle. (f) Minimum enclosing circle. (g) Best fitted ellipse. (h) Extreme points. 
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contour, and number of pseudopods around cell boundary were

calculated to define the dynamic behavior of the cells. The rate of

change of these parameters were calculated and used as additional

feature vectors. Tracking the activity of the cell over the whole in-

cubation period revealed unique nature of cancer cells. Using ma-

chine learning algorithms, these features were quantitatively and

computationally analyzed to recognize the differences in cell be-

havior. The supplementary video demonstrates the cell gesture de-

tection of a cancer and healthy cell over a time frame of 12 min-

utes. 

2.3.3. Data classification 

The feature vectors calculated for each cell sample were fed to

a classifier to train respective data clusters. We trained the model

with our dataset to classify three cell categories (i) Active cancer,

(ii) Inactive cancer, and (iii) Healthy cells. The classes ‘active can-

cer’ and ‘inactive cancer’ included the gestures of hGBM cells incu-

bated on an anti-EGFR aptamer surface and a control mutant ap-

tamer surface, respectively. The ‘healthy’ group contained the ges-

tures of healthy/non-cancerous cells (astrocytes) on both anti-EGFR

and mutant aptamer functionalized substrates. We used supervised

machine learning algorithms here as we could label the cell types

in the training dataset. The system was trained with 10 0 0 sample

images that included 25% active tumor cells, 25% inactive tumor

cells, and 50% healthy cell samples. We implemented three com-

monly used classifiers (i) Support Vector Machine (SVM), (ii) Ran-

dom Forest Tree (RFT), and (iii) Naïve Bayes Classifier (NBC) to train

the system. After training, the accuracy of the classifiers were val-

idated and compared based on their performance. A five-fold vali-

dation technique was used where 80% of the dataset was used as

training samples and the rest 20% was used for testing. Generally,
 larger proportion of training sample ensures better classification

f the test samples. 

. Results and discussion 

.1. Classification of cell gesture using supervised methods 

For cancer diagnosis, the primary goal is to accurately identify

nd count the number of cancer cells from blood sample where

ther cells are present. Once the classifier was modeled, the sys-

em was validated with untrained samples to measure the accu-

acy. We used a five-fold validation technique to measure the ac-

uracy. In this technique, the entire dataset was randomized and

hen divided into five segments. Four segments were used to train

he system and the remaining one was used to test the accuracy.

he same approach was repeated for all combinations of train-test

ata segments (five possible combinations). The accuracy was cal-

ulated and compared for SVM, RFT, and NBC classifier models. The

ollowing equation was used to calculate the accuracy of the pre-

icted results. Here, ̂ y i is the predicted label of the i -th sample, y i 
s the corresponding true label, and N is the total number of sam-

les analyzed. 

ccuracy 
(
y, ̂  y 

)
= 

1 

N samples 

N ∑ 

i =1 

1 ( ̂  y i = y i ) (1)

Table 1 compares the accuracy of the three classifiers. The over-

ll accuracy of the model to classify tumor cells and healthy cells

as 90%, 82% and 85% using NBC, SVM, and RFT classifiers, re-

pectively. The performance of the classifier depended on the type

f dataset used to build the model. However, an overall accuracy

f 85% validated the effectiveness of multiple feature analysis and
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Fig. 5. Feature ranking of the top 25 features in descending order of importance. 

The vertical lines represent the standard deviations of the importance values. 
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Fig. 6. Confusion matrix of the SVM classifier for active cancer, inactive cancer, and 

healthy cells. The intensity bar represents the scale. 

Table 1 

Average accuracy of classification using SVM, RFT, and NBC com- 

puted with five-fold validation technique. The standard deviation is 

calculated from the accuracy among the five combinations of train- 

ing sets in cross-validation. 

Classifier Average accuracy (%) 

Naïve Bayes Classifier 90 ± 10 

Support Vector Machine 82 ± 25 

Random Forest Tree 85 ± 24 
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pplicability of machine learning algorithm for tumor cell diagno-

is. Such high accuracy was achieved in spite of the facts that the

lassification was fully automated, it was scalable for large scale

pplication, and it was done without disturbing the cell microen-

ironment. The selectivity was imparted by the aptamers and the

ells did not have to be fluorescently stained. In general, aptamers

re also preferred over antibodies for better chemical stability and

igher selectivity. 

.2. Feature ranking 

From visual inspection of the static images, it is easy to confuse

 cancer cell with a healthy one. However, a combination of all

he extracted feature vectors provides an unambiguous approach

o distinguish the cancer cell gestures. The machine learning al-

orithms provided a feasible approach to combine all the feature

ectors and build a robust classifier. It should be borne in mind

hat classifying the samples from just a few feature vectors would

e very challenging. To demonstrate the importance of including

ll the feature vectors in constructing the classifier, we created a

eature-ranking chart using random forest tree (RFT) approach. A

andom forest is a collection of decision trees used for classifica-

ion. Each of these decision trees consisted of several feature vec-

ors. We trained an RFT classifier with a known sample dataset

nd calculated the importance of every feature vector. Fig. 5 shows

he ranking of the top 25 features in descending order of impor-

ance. Overlapping large error bars represent that the importance

f any individual feature is not significant enough to be a single

iscerning factor to distinguish the cell type. The machine learning

rovided the combination of all the features to develop a complex

ecision-making algorithm to classify the dataset correctly. 

.3. Confusion matrix analysis 

The differences in gestures of cancer and healthy cells are not

lways very obvious. In addition, some cancer cells do not express

ery active behavior. The model thus missed a few cancer cells. The

estures of a few cancer cells on control surface appeared similar

o the gestures of healthy cells. This could be a possible source of

onfusion for the model. To quantify the false-positive and false-

egative results, a normalized confusion matrix was calculated to

ompare among the three classifier models. The SVM classifier was

hosen because it scored the lowest accuracy. The confusion matrix

n Fig. 6 displays the matching of active, inactive, and control cells

ersus predicted annotations by the classifier. Each row represents

he instances of actual cell type and each column of the matrix

epresents the instances for the predicted label by the classifier. 

As shown in the figure, the diagonal digits represent the best

ccuracy for all three categories. The system correctly predicted
ancer cells on anti-EGFR and mutant-aptamer surface in 80%

ases. Among the tumor cells, 20% did not show remarkable ac-

ivity to be identified as active cancer cells. On the other hand, all

ealthy cells were identified with 85% accuracy whereas remain-

ng 15% showed similar gestures as active cancer cells. The accu-

acy could be improved with a larger dataset with more samples

nd features. However, 85% accuracy with our sample dataset val-

dated the significance of machine learning algorithm for such ap-

lications ( Table 1 ). 

.4. Comparison between classifiers 

For cancer diagnosis, the measurement of false-positives and
alse-negatives can add significant complexity to the later prog-
osis. The system’s ability to avoid false-negative predictions is
uch more important than giving a false-positive. It is critical for

he system to not miss any cancer cells than misunderstanding a
ealthy cell as cancerous. We measured Precision and Recall from
redicted results to analyze the performance of the model. Recall is
he ratio of number of true positives to the total number of actual
ositive instances. Precision is the ratio of number of true positives
o the total number of predicted positive instances. The follow-
ng equations were used to calculate these two parameters. Here
 P = true-positive, F P = false-positive, and F N = false-negative. 

eca ll ( r ) = 

T P 
T P + F N 

; Prec ision ( p ) = 

T P 
T P + F P 

; F 1 score = 

2 pr 

p + r 
(2) 

For all three classification models, the recall score is greater

han 80% ( Table 2 ). The Recall value for active tumor cells with the

BC model is 100%. Overall, the NBC performed better compared to

he other two classifiers which is seen from F 1 -score. The F 1 -score

s the harmonic mean of Precision and Recall. A good retrieval al-

orithm would maximize both Precision and Recall simultaneously

nd score a larger F value. 
1 
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Table 2 

Precision, Recall and F 1 -score measurements (The maximum value of each column in shown in bold). 

Precision Recall F 1 -Score 

Active Inactive Other Average Active Inactive Other Average Active Inactive Other Average 

NBC 0.91 1.0 0.87 0.91 1.0 0.6 1.0 0.9 0.95 0.75 0.93 0.89 

SVM 0.62 1.0 0.89 0.85 0.8 0.8 0.85 0.82 0.7 0.89 0.87 0.83 

RFT 1.0 0.73 0.85 0.86 0.9 0.8 0.85 0.85 0.95 0.76 0.85 0.85 

Fig. 7. (a) Precision-Recall plot for predictive model trained with SVM classifier. The black solid line represents the average performance of the model. (b) Performance 

comparison of three different classifiers. The average value of Precision and Recall are plotted here for each classifier model. The area under the curve (AUC) for each model 

is mentioned in the legend. 
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3.5. Precision-Recall curve analysis 

The Precision-Recall relation was also used to compare the per-

formance of the three classifiers. Together, Precision and Recall

represent a trade-off. One can be improved by compromising the

performance of the other. For cancer diagnosis, a good Recall value

is more important than the Precision. Fig. 7 (a) shows the Preci-

sion vs. Recall values for the SVM classifier. The Precision-Recall

curves for individual classes are shown with dotted lines. As seen

from the plot, the SVM classifier predicted the inactive tumor cells

more accurately compared to the other two classes. It was possible

to maintain a good Precision while achieving a good Recall score.

The black solid line represents the overall average Precision-Recall

performance of the SVM classifier. 

Fig. 7 (b) shows the average Precision-Recall performance of

the three classifiers. To compare the performance, the area under

the curve (AUC) was calculated. A large AUC represented a better

classifier in terms of error margins. SVM, RFT, and NBC classifier

scored AUC values of 0.73, 0.77, and 0.84, respectively. Among the

three commonly used classifiers, the NBC performed best with our

dataset and application. 

The dynamic morphology of cells on an aptamer-functionalized

surfaces can be a novel biomarker for detection of cancer cells.

In patient biopsy samples, both cancerous and non-cancerous cells

are present. We have demonstrated a fast and accurate method to

quantify cell gestures and distinguish hGBM cells from astrocytes

based on their dynamic morphology from time-lapse images. Mul-

tiple factors can contribute to regulating cell protrusion, adhesion,

and surface tension (cell rounding). Individual genes and signal-

ing proteins can also modulate cell morphology [31] . The hGBM

cells showed random extensions and contractions of pseudopods,

whereas astrocyte cells did not show any distinct activity. This

was possibly due to the EGFR overexpression on hGBM cells and

their affinity toward anti-EGFR aptamer/antibody [46–48] . Overex-

pression of EGFR and flexibility of cell membrane on hGBM cells

allowed more number of binding interactions between EGFR and

anti-EGFR aptamer [40,49] . On the other hand, astrocytes did not

show any changes in their morphology on anti-EGFR and mutant
ptamer surfaces while the surfaces were imaged. The less number

f EGFR on astrocyte cell membrane could not instigate any inter-

ctions with the anti-EGFR-modified surfaces. This increased the

ell motility of hGBM cells compared to that of astrocytes. We per-

ormed the experiments with solid-biopsy samples and the work

an be expanded to liquid biopsy samples. Similar cell response

an be expected from other types of tumor cells with appropriate

hoice of aptamer functionalized surfaces. Thus, the approach can

e extended to target other types of tumor cells that are known to

e present in blood (e.g. circulating tumor cells). 

This work utilized the cell motility on anti-EGFR aptamer-

odified substrates as a new strategy to detect cancer cells. The

ancer cells with overexpressed EGFR interacted more with the

ptamer-functionalized surfaces and showed distinct morphology.

on-cancerous cells did not show such activity because these did

ot have high EGFR expression on cell surfaces. The approach is

ery selective and this can be a good tool to analyze invasive and

enign cancer cells where the number of biomarkers expressed on

ifferent cell-membranes is different. 

Existing methods to quantify cell surface receptors commonly

nvolve staining of cells with antibody-conjugated fluorescent or

agnetic particles and then analyzing them with an optical setup

r magnetic sorter. These tools are expensive, bulky, and require

trict maintenance. Our approach used only a standard optical mi-

roscope and a CMOS camera. The analysis was packaged as soft-

are and can be used on any computer/mobile platform. Also, cell

taining often restricts regular cellular functions which can be a

oncern for post-capture analysis. The advantage of our technique

ompared to others is that it is suitable for a quick diagnosis with-

ut much overhead. This method does not involve any cell staining.

urthermore, aptamers are chemically more stable than antibodies

50] . Aptamer-functionalized chips can be stored in controlled con-

itions for a few weeks. When the samples are available, cells can

e seeded on the functionalized chips and imaged within 15 min-

tes to run the experiments. 

Another advantage of the chip-based device is that it can be

asily integrated with other microfluidic cell-capture platforms to

erve as an additional modality to identify cancer cells based on
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heir physical behavior. Dynamic morphology analysis can be a

ood cytological indicator to complement other chip-based detec-

ion techniques. It is also possible to introduce nanotexture on the

urface to enhance the cell-surface interactions [51,52] . If required,

leavable linkers can also be used for functionalization so that after

he morphology analysis, cells could be released from the surface

o perform other post-capture analysis [53] . 

Our method is compatible with automated high-throughput

maging and can analyze a large volume of data in a short amount

f time. Microscopic image assessment is still the most commonly

sed tool. It is financially and logistically feasible compared to

ther approaches like flow cytometry, x-ray radiography, computed

omography (CT), positron emission tomography (PET), and mag-

etic resonance imaging (MRI). Most of these techniques are for

dvanced stage cancer diagnosis and have limited sensitivity. The

ethod presented here uses only an optical microscope and does

ot require sophisticated infrastructure for device fabrication. This

akes it simple to analyze whole-slide microscopic images with-

ut any fluorescent staining. The automation of the analysis makes

t more suitable for quick analysis of large samples which may not

e feasible manually, for example, by a pathologist. 

Cell segmentation is still one of the major challenges in auto-

ated image analysis workflow. We used bright field images and

ontrast analysis to isolate cells in a label-free environment. It is

ery important to focus the cells properly in order to capture their

ctivity and avoid imaging artifacts. An out-of-focus image may

ppear different than a focused one which may create confusion

n tracing the cell boundary from image contrast analysis. In the

xperiments, we used single plane images acquired from an opti-

al microscope for simplicity. Cells were seeded on the aptamer-

unctionalized (anti-EGFR and mutant aptamer) glass surfaces and

he surface was always kept in focus to minimize variability in the

mage acquisition process. Thus, all the images of the cells were

aptured at the same focal plane. An alignment mark on the glass

urface was helpful to maintain the focal plane on the surface. 

It is also possible to use a confocal microscope and use 3D-

tacked images to find the best focal plane. This may also help to

etect the cell boundary more accurately. Also, cells can be tagged

ith fluorescent markers to facilitate the intensity-based segmen-

ation scheme. It is known that tumor cells have larger nucleus-

o-cytoplasm ratio. The nuclei of the cells can also be stained to

nalyze the changes in shapes of the nuclei over time. Further

haracterization of the morphological behavior of tumor cells in

ombination with molecular characteristics can provide additional

aluable prognostic information about the primary tumor. A larger

ataset and unsupervised machine learning can also be imple-

ented to identify aberrant cell gestures. For larger datasets, the

nclusion of selective features based on their importance can re-

uce over-fitting of the model and analysis time. 

The presented approach can also be applied to investigate the

ole of individual genes in regulating time-resolved cell morphol-

gy and complex phenotypes. The change in cell gesture with dis-

ase progression is another aspect to explore. Since this method

nly requires an imaging setup, a central database can be main-

ained to store the gestures of different types of cancer cells and

redicted results can be sent to remote devices for off-site diag-

osis. With the increased availability of live-cell screening micro-

copes, the cell gesture analysis can be a dominating technology

or early detection of cancer in near future. 

. Conclusions 

We have presented a simple and elegant approach to detect and

lassify cancer cells based on cell gestures using a machine learn-

ng technique. We have quantified the dynamic morphology of

ells with a number of unique features which were used to iden-
ify hGBM cells from healthy astrocytes. The identification scheme

as validated with untrained data and three different classifiers

ere used to construct the system and compare the performances.

he Naïve Bayes classifier identified the cancer cells with the high-

st accuracy. This work established the foundation for automated

creening and classification of cancer from time-lapse optical mi-

rographs. This can further be used to study cell behaviors for

ther types of diseases. Cell gesture analysis can be a simple plat-

orm to develop cost-effective and efficient point-of-care device to

etect cancer at early stages. 
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SUPPLEMENTARY MATERIAL 

Video: The supplementary video file, titled “Supplementary-Video-CancerCell.mp4”, 

demonstrates the cell gesture detection of a cancer cell over a time frame of 12 minutes. 

The same gesture analysis is done for a healthy cell for comparison in file named 

“Supplementary-Video-HealthyCell.mp4”.  

Effect of aptamer on morphology of cancer cells: Tumor cells overexpress EGFR on cell 

membrane. These receptors interact with the anti-EGFR aptamer and result in change in cell 

shape on functionalized surfaces. The constant interactions of EGFRs and anti-EGFR 

aptamers are responsible for change in cell morphology. This phenomena is not observed in 

healthy cells because healthy cells do not have enough EGFR on the cell membrane to 

interact with the functionalized surfaces. Figure S1 illustrates the change in tumor cell 

morphology due to the presence of aptamer on glass substrates 

 

 

(a)    (b)    (c) 

Figure S1: Effect of aptamer on morphology of cancer cells. (a) EGFR expressed tumor cells interact 

with anti-EGFR aptamer functionalized glass surface. (b) Tumor cells show distinct morphology over 

time when seeded on anti-EGFR aptamer functionalized surface. (c) Tumor cells do not show much 

activity in the absence of aptamers on the surface. 

Feature Extraction: After acquiring all the time-lapse micrographs, each cell image was 

cropped out in a 200x200 pixel window. A MATLAB code was written to store all the cropped 

images for each cell and every frame in an indexed directory. A batch of images was 

generated for each cell showing its shape change with time. These images were in RGB 



format. Then a level-set algorithm was used to detect the cell contour based on the image 

contrast. The RGB images were processed with a low-pass Wiener filter to remove noise 

while preserving the edges by adapting to pixel wise statistical estimation of local 

neighborhood. The images were further smoothed by Gaussian filter. Then the RGB images 

were converted to greyscale images. A properly exposed cell image (greyscale) had the 

maximum contrast along its contour. The level-set method is a dynamic process which starts 

from the image boundary and move inwards from the cellular edge to track the cell contour. 

In this way, we segmented the cells from non-cell background by detecting the cell 

boundary.  The greyscale images of the cells were then converted to binary images. The 

binary images contained solid black (pixel value=0) and white pixels (pixel value=255). Every 

cell image was represented as an orthogonal matrix with the pixel intensity corresponding to 

its location (coordinates). The cell contour was the vector that contained all the coordinates 

of the cell boundary. Multiple features were calculated from this binary cell images including 

the area of the cell, the perimeter (length of the contour), roundness, aspect ratio, solidity, 

and the equivalent radius.  

Definition of Features: Pseudopods are defined as the protruding section from a regular 

cell boundary. If the protrusion was larger than 120% of the average distance from center to 

cell-contour; and the width of the protrusion had an angular distance of >10° at the cell 

center, then the protrusion was counted as one pseudopod. Cell aspect ratio is the ratio of 

cell width and cell height. Solidity of the cell was calculated by taking the ratio of the area of 

the contour and the area of the convex envelope of the cell. Cell extent is the ratio of cell 

area and the bounding rectangle. Hausdorff distance was used to calculate the resemblance 

between cell contours (represented by A, B in the equation) in two consecutive images. If the 

cells did not show any morphological change within two consecutive frames, the Hausdorff 

distance was a small number. If a cell changed shape, the distance was a larger number.  

Aspect	ratio = cell	width
cell	height2  



Solidity = are	of	cell	contour	
area	of	cell	convex	envelope2  

Cell	extent = area	of	cell	contour
area	of	cell	bounding	box2  

Hausdorff	distance, 𝐻(𝐴, 𝐵) = max DEℎ(𝐴, 𝐵), ℎ(𝐵, 𝐴)GH ; 	where, ℎ(𝐴, 𝐵) = max
𝑎𝜖𝐴

min
𝑏𝜖𝐵

|𝑎 − 𝑏| 

The quantitative metrics of all the features are given in the Table S1.The 

resemblance of the cell shape with a rectangle, circle, and ellipse also provided information 

about cell geometry. For these measures, the best fitted geometric shape was determined 

by the algorithm and the area or extreme points of the shapes were used for feature vector 

calculation. Once all the features were defined, the variations of these unique features 

across different frames of the time lapse were calculated and used as another set of 

features. The rate of change of the parameters with respect to time was also taken into 

account.  

The average cell-feature of a cell was calculated from 25 image-frames acquired at 

30 seconds interval (equivalent to 12 minutes) of any particular cell. The ‘variation of a 

feature’ for each cell was defined by calculating the standard deviation of that feature over 

time (12 minutes). The equations for average cell feature and the variation of a feature for a 

cell is shown here. Here, ‘F’ represents a ‘feature’ and ‘N’ is the total number of frames 

considered in the calculation.  

𝐴𝑣𝑒𝑟𝑎𝑔𝑒	𝑓𝑒𝑎𝑡𝑢𝑟𝑒, 𝐹W = 	
𝐹XY + 𝐹X[ + 𝐹X\ + ⋯+ 𝐹X(^_[)

𝑁 	; 𝑁 = 𝑡𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑓𝑟𝑎𝑚𝑒𝑠 

𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛	𝑜𝑓	𝑓𝑒𝑎𝑡𝑢𝑟𝑒, 𝜎i = j∑|𝐹Xl − 𝐹
W|\

𝑁 	; 𝑛 = 0,1,2, … , (𝑁 − 1) 

The rate of change of any feature over time was calculated by taking the absolute 

difference of a feature from all consecutive time-frames (with 30 seconds interval) and then 

taking the average of that. The following equation was used to define the rate of change of a 



feature for each cell. The time difference, ‘Dt’ used in the equation for our experiment was 30 

seconds.  

𝑅𝑎𝑡𝑒	𝑜𝑓	𝑐ℎ𝑎𝑛𝑔𝑒	𝑜𝑓	𝑎	𝑓𝑒𝑎𝑡𝑢𝑟𝑒, 𝜕𝐹 𝜕𝑡2 =
∑t

u𝐹Xl − 𝐹X(l_[)u
∆𝑡 w

𝑁 − 1 	; 𝑛 = 1,2,3, … ,𝑁;	∆𝑡 = 30 

 

A dataset was created with the feature vectors. The machine learning was 

implemented using Python (version 3.5). Python packages ‘numpy’, and ‘matplotlib’ was 

used for data calculation, matrix manipulation, and feature extraction. We used ‘pandas’ 

package for data structure and data analysis. And ‘sklearn’ package was imported to 

implement machine learning in Python. The flowchart of the training and prediction process 

is illustrated in Figure 1.  

 

Table S1: List of feature vectors with quantitative measures. 

Feature Quantitative Feature (Average ± SD) 
Active Cancer Inactive Cancer Healthy Astrocytes 

Average cell area 3.51E+03 ± 09E+02 2.75E+03 ± 10E+02 5.39E+03 ± 13E+02 
Average number of pseudopods 4.68E-01 ± 32E-02 4.00E-03 ± 01E-02 7.20E-02 ± 13E-02 
Average cell perimeter 2.31E+02 ± 35E+00 1.99E+02 ± 35E+00 2.85E+02 ± 35E+00 
Average cell aspect ratio 9.92E-01 ± 07E-02 1.05E+00 ± 04E-02 1.01E+00 ± 07E-02 
Average cell bounding rectangle 6.85E+01 ± 10E+00 5.83E+01 ± 12E+00 8.50E+01 ± 12E+00 
Average cell center shift 2.74E+00 ± 82E-02 1.24E+00 ± 18E-02 1.92E+00 ± 79E-02 
Average convex hull 3.58E+03 ± 10E+02 2.60E+03 ± 10E+02 5.46E+03 ± 13E+02 
Average equivalent radius 3.26E+01 ± 04E+00 2.69E+01 ± 06E+00 4.06E+01 ± 05E+00 
Average area of equivalent rectangle 4.47E+03 ± 12E+02 3.23E+03 ± 13E+02 6.81E+03 ± 17E+02 
Average cell extent 7.08E-01 ± 02E-02 6.84E-01 ± 04E-02 7.27E-01 ± 03E-02 
Average Hausdorff distance 1.10E+01 ± 03E+00 6.30E+00 ± 02E+00 1.73E+01 ± 10E+00 
Average length of fitted ellipse 7.17E+01 ± 09E+00 5.76E+01 ± 12E+00 8.61E+01 ± 11E+00 
Average area of minimum enclosing circle 3.72E+01 ± 05E+00 2.92E+01 ± 06E+00 4.43E+01 ± 06E+00 
Average non-uniformity of cell 2.88E+00 ± 82E-02 1.75E+00 ± 28E-02 2.28E+00 ± 71E-02 
Average cell solidity 9.57E-01 ± 02E-02 9.65E-01 ± 78E-04 9.63E-01 ± 01E-02 
Average cell-stretch 6.95E+01 ± 09E+00 5.53E+01 ± 11E+00 8.41E+01 ± 11E+00 
Average width of fitted ellipse 6.14E+01 ± 09E+00 5.10E+01 ± 11E+00 7.78E+01 ± 10E+00 
Variation in cell area 2.86E+02 ± 99E+00 2.86E+02 ± 03E+02 2.50E+02 ± 01E+02 
Variation in number of pseudopods 5.96E-01 ± 20E-02 2.00E-02 ± 06E-02 1.49E-01 ± 24E-02 
Variation in perimeter 1.26E+01 ± 04E+00 1.06E+01 ± 07E+00 8.34E+00 ± 05E+00 
Variation in aspect ratio 1.10E-01 ± 02E-02 6.44E-02 ± 03E-02 4.62E-02 ± 01E-02 
Variation in bounding rectangle 5.47E+00 ± 01E+00 1.05E+01 ± 09E+00 2.67E+00 ± 01E+00 
Variation in cell center shift 1.35E+00 ± 27E-02 6.65E-01 ± 13E-02 9.25E-01 ± 30E-02 
Variation in cell convex hull 3.11E+02 ± 01E+02 5.30E+02 ± 05E+02 2.60E+02 ± 01E+02 



Variation in equivalent radius 1.31E+00 ± 36E-02 4.82E+00 ± 04E+00 9.66E-01 ± 55E-02 
Variation in equivalent rectangle 4.22E+02 ± 01E+02 6.61E+02 ± 06E+02 3.53E+02 ± 02E+02 
Variation in cell extent 3.36E-02 ± 77E-04 6.47E-02 ± 05E-02 1.88E-02 ± 57E-04 
Variation in Hausdorff distance 4.31E+00 ± 01E+00 2.69E+00 ± 89E-02 7.12E+00 ± 05E+00 
Variation in length of fitted ellipse 4.51E+00 ± 66E-02 1.05E+01 ± 09E+00 2.73E+00 ± 01E+00 
Variation in minimum enclosing circle 2.53E+00 ± 37E-02 5.38E+00 ± 05E+00 1.46E+00 ± 78E-02 
Variation in non-uniformity 8.75E-01 ± 18E-02 4.22E-01 ± 11E-02 4.05E-01 ± 20E-02 
Variation in solidity 1.36E-02 ± 48E-04 1.25E-02 ± 60E-04 7.97E-03 ± 62E-04 
Variation in cell stretch 4.80E+00 ± 01E+00 1.01E+01 ± 08E+00 3.18E+00 ± 02E+00 
Variation in width of fitted ellipse 3.22E+00 ± 66E-02 9.19E+00 ± 08E+00 2.09E+00 ± 01E+00 
Rate of change in cell area over time 1.88E+02 ± 74E+00 2.11E+02 ± 03E+02 2.00E+02 ± 01E+02 
Rate of change in pseudopods over time 5.33E-01 ± 25E-02 8.33E-03 ± 03E-02 8.13E-02 ± 14E-02 
Rate of change in cell perimeter over time 8.63E+00 ± 03E+00 6.93E+00 ± 06E+00 6.93E+00 ± 03E+00 
Rate of change in aspect ratio over time 6.37E-02 ± 01E-02 5.21E-02 ± 02E-02 4.03E-02 ± 02E-02 
Rate of change in bounding rectangle over time 3.47E+00 ± 78E-02 6.69E+00 ± 06E+00 2.23E+00 ± 01E+00 
Rate of change in cell center shift over time 1.18E+00 ± 22E-02 6.79E-01 ± 13E-02 9.30E-01 ± 30E-02 
Rate of change in cell convex hull over time 2.02E+02 ± 81E+00 3.64E+02 ± 04E+02 2.06E+02 ± 01E+02 
Rate of change in equivalent radius over time 8.72E-01 ± 31E-02 3.10E+00 ± 03E+00 7.66E-01 ± 47E-02 
Rate of change in equivalent rectangle over time 2.87E+02 ± 01E+02 4.68E+02 ± 05E+02 2.84E+02 ± 01E+02 
Rate of change in cell extent over time 2.59E-02 ± 59E-04 4.82E-02 ± 04E-02 1.87E-02 ± 57E-04 
Rate of change in Hausdorff distance over time 3.05E+00 ± 01E+00 2.13E+00 ± 91E-02 2.68E+00 ± 92E-02 
Rate of change in length of fitted ellipse over time 2.98E+00 ± 77E-02 6.74E+00 ± 06E+00 2.16E+00 ± 01E+00 
Rate of change in minimum enclosing circle over time 1.62E+00 ± 37E-02 3.45E+00 ± 03E+00 1.13E+00 ± 70E-02 
Rate of change in non-uniformity over time 5.66E-01 ± 20E-02 3.41E-01 ± 13E-02 3.68E-01 ± 21E-02 
Rate of change in cell solidity over time 1.02E-02 ± 39E-04 1.18E-02 ± 60E-04 7.13E-03 ± 40E-04 
Rate of change in cell stretch over time 3.08E+00 ± 01E+00 6.55E+00 ± 06E+00 2.51E+00 ± 01E+00 
Rate of change in width of fitted ellipse over time 2.39E+00 ± 78E-02 6.20E+00 ± 06E+00 1.79E+00 ± 01E+00 
 

Machine Learning Algorithm: The key aim of this work is to systematically quantify the 

extents to which a machine learning based classification model identifies tumor cells from 

their morphological characteristics. The tumor cell category identification task was defined as 

a supervised multi-class classification problem. In supervised learning, the knowledge about 

the problem is composed in the form (x, c), in which x represents an input (feature vectors in 

this case) and c denotes its label (cancer class). The machine learning algorithm extracts the 

knowledge form the example dataset and predicts new labels for unknown inputs.  Formally, 

given X, a set of all cells, and a training set, S, of labeled cells (s,c), where  (s,c) Î (X x C), 

we want to learn a function f, such that f: X ®C.  In other words, the function maps a cell to 

one of the categories of C. We represent X as a vector of the features given in Table S1 and 

we defined the set of classes, C, such that C = [Active Cancer | Inactive Cancer | Healthy 

Cell]. Theoretically, this problem formulation allows us to leverage any supervised 

classification algorithm that can handle multi-class scenarios. The Naïve Bayes is a 

probabilistic classifiers based on the Bayes theorem for conditional probabilities whereas 



Support Vector Machine is based on concepts from the statistical learning theory. The 

Random Forest Tree is a combination of decision trees where each tree votes for a preferred 

class and the majority voted class is considered as the final prediction. We calculated the 

accuracy, precision, recall, and F1-score to compare the performance of these three 

algorithms.  

 


	Classification of cancer cells using computational analysis of dynamic morphology
	1 Introduction
	2 Methods and experimental setup
	2.1 System overview
	2.2 Experimental setup
	2.2.1 Surface functionalization
	2.2.2 Cancer and healthy cell preparation

	2.3 System components
	2.3.1 Image acquisition and processing
	2.3.2 Feature extraction and annotation of cell gesture
	2.3.3 Data classification


	3 Results and discussion
	3.1 Classification of cell gesture using supervised methods
	3.2 Feature ranking
	3.3 Confusion matrix analysis
	3.4 Comparison between classifiers
	3.5 Precision-Recall curve analysis

	4 Conclusions
	 Author contributions
	 Conflict of interest disclosures
	 Acknowledgements
	 Supplementary materials
	 References


