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Abstract 

Cellular morphology, shaped by various genetic and environmental influences, is pivotal to studying 

experimental cell biology, necessitating precise measurement and analysis techniques. Traditional 

approaches, which rely on geometric metrics derived from stained images, encounter obstacles stemming 

from both the imaging and analytical domains. Staining processes can disrupt the cell's natural state and 

diminish accuracy due to photobleaching, while conventional analysis techniques, which categorize cells 

based on shape to discern pathophysiological conditions, often fail to capture the continuous and 

asynchronous nature of biological processes such as cell differentiation, immune responses, and cancer 

progression. In this work, we propose the use of quantitative phase imaging for morphological assessment 

due to its label-free nature. For analysis, we repurposed the genomic analysis toolbox to perform trajectory 

inference analysis purely based on morphology information. We applied the developed framework to study 

the progression of leukemia and breast cancer metastasis. Our approach revealed a clear pattern of 

morphological evolution tied to the diseases' advancement, highlighting the efficacy of our method in 

identifying functionally significant shape changes where conventional techniques falter. This advancement 

offers a fresh perspective on analyzing cellular morphology and holds significant potential for the broader 

research community, enabling a deeper understanding of complex biological dynamics. 

Introduction 

Cell shape is intricately tied to cell function. Previous studies [1] [2] [3] [4] have established that cell shape 

is controlled by both the physical properties of the plasma membrane and the biochemical reactions 

involving membrane components and the underlying cytoskeleton. At its core, the shape of cells embodies 

the collective imprints of intricately interconnected molecular networks, encompassing metabolic, 

proteomic, epigenomic, and genomic elements [5] [6] [7] [8]. Therefore, it’s unsurprising that clinicians 

routinely employ cellular morphology for diagnosis, prognosis and treatment of human diseases [9] [10].  

Cell morphology has traditionally been quantified on the basis of few geometric parameters on a 

bright field or fluorescently labelled image [11] [12] [13]. These geometric parameters can broadly be 

divided into two categories – dimensional (e.g., area, perimeter) and dimensionless (e.g., aspect ratio, shape 

factor, eccentricity) parameters. The broad morphological parameters have helped unveil several insights 

and establish links between size, shape, and functionality [14]. Although fluorescent images offer high 

contrast between the cell and its surroundings and allow organelle-level specificity through dye labeling, 

it's important to note that the stained molecules introduced externally can alter the cell's natural state. 

Additionally, issues such as phototoxicity and photobleaching can introduce errors in morphological 

estimations [15] [16]. Therefore, there is a strong desire for contrast agent-free microscopy techniques that 

enable the study of cells in their native conditions. 
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Quantitative phase imaging (QPI) is emerging as a prominent tool for extracting quantitative 

morphological information without the need for external labeling agents [17] [18]. QPI measures the phase 

shift of light waves as they pass through objects, resulting in the generation of phase images that offer 

superior contrast compared to other label-free imaging methods. The dimensional and dimensionless 

parameters from QPI images have helped in label-free cell population monitoring, providing crucial insights 

into the dynamics of red blood cells [19], cell-nanoparticle interactions [20] and cellular phenotypes during 

adipocyte differentiation [21]. The wealth of structural information provided by QPI had helped in 

providing classification ability between cell cycle stage [22], differentiation between cancerous and non-

cancerous cells [23] and label-free SARS-CoV-2 detection and classification [24]. 

Traditionally, most of the cellular morphological analysis methods correspond to classification 

algorithms or binning into shape modes to categorize into their pathophysical states  [13] [25] [26] [23] 

[27]. Nonetheless, various biological processes, such as cell differentiation, immune responses, and the 

progression of cancer, undergo a continual and asynchronous shift between cellular states [28] [29] [30]. In 

this context, traditional analytical techniques often lack the efficacy to elucidate the dynamic essence of 

these intricate phenomena. This challenge is metaphorically depicted by Waddington’s epigenetic landscape 

(Fig 1c) [31]. While helpful in analysis, similar values in geometric parameters can still result in large 

heterogeneity in cell shape [32]. 

In recent times, there has been an outburst of analytical tools for trajectory inference (TI) in the 

context of single-cell transcriptomics that highlight the heterogeneity generated within a cell population 

[33] [34]. Typically, TI methods start with a vector dataset where each row represents value pertaining to 

each cell. Then, this matrix is subjected to dimensionality reduction and clustering, followed by tools that 

connect the trajectory between the cells or clusters in an optimized method. TI techniques operate on a 

foundation of graph-based principles. Each data point is symbolized as a node, interconnected with 

neighboring nodes through edges that reflect pairwise similarities derived from distance metrics. Within 

these topological frameworks, continuous pathways emerge, marked by a commencement point (a root), 

potential branch points, and one or multiple endpoints. By tracing these extremities, we can ascertain the 

sequence of intermediary points that manifest along these trajectories. This procedure is termed pseudo-

temporal ordering. 

In this study, we first started with a synthetic dataset where we tried to see how well computer-

generated shapes behave when subjected to dimensionality reduction and clustering algorithm [35]. 

Following the effective implementation of this methodology on the synthetic dataset, we applied it to the 

Swedish leaf dataset to assess the performance of unsupervised clustering against supervised labels, 

confirming the reliability of our analytical pipeline. Additionally, this comparison functions as a vital 

validation step, which is particularly important when integrating an analytical tool originally devised for 

disparate objectives. Thereafter, we apply our Zernike preprocessing steps combined with TI tools to 

classify cell types based on cluster similarity for Leukemia and then order them on a pseudo-time trajectory 

based on their morphological parameters, which reflects their differentiation pathway. Finally, we applied 

this analytical pipeline to a breast cancer dataset. In cases where extracting meaningful insights from 

supervised labels on a low-dimensional plot proved challenging, our approach demonstrates a clear 

progression in the trajectory of cancer evolution: from parental to circulating to metastatic states based on 

cellular morphology alone. 

Results and discussions 

TI analysis tool works on one-dimensional vector data. Therefore, our first challenge was to convert 

two-dimensional morphology to a one-dimensional vector. To solve this issue, we used Zernike polynomials 
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on the cellular mask [36] [37]. TI tools can only work properly when we have a well-behaved normalized 

matrix [33] [34]. If we combine too many dimensions and dimensionless geometrical parameters, the 

trajectory inference can be erroneous since each matrix column has a different scaling range and cannot be 

properly row-normalized for each cell. We selected the method of using the Zernike polynomial for its 

ability to faithfully reconstruct cell shapes while maintaining scale and rotational invariance [38]. Since the 

resultant Zernike moments are calculated rather than analyzed through a data-driven approach, the resultant 

data matrix is well-behaved and normalized. This has resulted in utilizing Zernike polynomials in several 

fields dealing with shape, character, and face recognition [38] [39]. It has been particularly important in the 

field of optics in defining optical aberration of the eye [40] and optical instrument testing and design [41]. 

It has also been previously used for single-cell image analysis [42] [43] [44]; however, its utilization has 

been limited to seeing clusters in low-dimensional plots and classification problems. QPI (Quantitative 

Phase Imaging) imaging stands as a successor to phase contrast microscopy, an innovation credited to Frits 

Zernike; therefore, it is almost poetic that in the downstream analysis of these phase images of cells, Zernike 

polynomials can play such an instrumental role. The workflow for the analysis is shown in Figure 1. 

Analysis of synthetic dataset 

We first applied our analytical pipeline to a synthetic dataset which was generated by the 

implementation of bezier curves [45] [46]. A Bezier curve is a parametric curve where a set of discrete 

control points defines a smooth curve intending to imitate a shape. In this work, we used these curves to 

form a closed shape that mimics cell morphology. This was done by having control points 3 and 4 as less 

than 3 points lead to straight lines, and more than 4 points can cause the shape to overlap and loop, which 

is unwanted. To form a smooth, closed shape, we made sure they were cyclic, i.e., the transition between 

the start and end point was smooth. A detailed code implementation can be found in the materials and 

methods section. Some sample images of the shapes are shown in Figure 2a. 

After generating the shape, we generated a mask and centered the image. We also aligned the image 

along the major axis of the shape as a pre-processing step. The image was then converted into a polar 

coordinate system (r, ɵ) from a cartesian system. After that, we used Zernfun [47] to compute the Zernike 

functions Znm (r, ɵ). The output matrix is a column matrix with values for every (n,m)  pair and one row for 

every (r, ɵ) pair. From here, we get the values of the Zernike moment. The average value of the Zernike 

moment for each identified cluster is plotted in Figure 2b, and the reconstructed shape from the mean values 

of each cluster is plotted in Figure 2d. 

  In Figure 2c, we show different shapes on a low-dimensional plot. In this plot, we see that similar 

structures are spatially closer in the plot, and structures with less similarity are further apart. The average 

shape of cluster 0 differs greatly from cluster 5; hence, they are placed far apart along the x-axis. We see a 

gradual change of shape when we move from cluster 1 to cluster 7, with clusters 4 and 6 along the way. 

This path follows a gradual and subtle change in shape, encompassing all the dimensions and dimensionless 

parameters. A similar remark can be made for a path from cluster 9 to 8 with clusters 2 and 3 on the way, 

highlighting the change in concavity of the shape. Seeing the ability of the analytical method to cluster 

similar-looking shapes together motivated us to apply this method to real-world supervised datasets. 

Analysis of Swedish leaf dataset 

The Swedish leaf dataset [48] is a standardized supervised labeled dataset which has been used 

earlier in the field of computer vision problems pertaining to shape recognition. The dataset contains images 

of 15 different classes, with each class having 75 images. For our work, we omitted two classes from the 

dataset, namely - Sorbus aucuparia and Sorbus intermedia. These two classes were omitted from our study 

as they had multiple leaves in a single field of view (fern-like structure). We implemented our analytical 
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framework on the remaining 13 classes namely - Ulmus carpinifolia, Acer, Salix aurita, Quercus, Alnus 

incana, Betula pubescens, Salix alba 'Sericea', Populus tremula, Ulmus glabra, Salix sinerea, Populus, Tilia, 

Fagus sylvatica. The analytical process was similar to the previous case, where we first created the mask, 

centered and aligned the image, and then computed the Zernike moments for orthogonal polynomials in the 

polar coordinate. Figure 3a shows a UMAP plot with supervised label where we see that some distinct leaf 

shapes like Salix Alba, Populus tremula , Acer, Alnus incana, are clustered appropriately while for some 

labels like Ulmus carpinifolia, Salix aurita, Ulmus glabra, the dots are overlapping. Such heterogeneity and 

overlap are also common during the cell differentiation process, and therefore, in order to properly define 

such heterogeneity, we performed unsupervised clustering with Leiden clusters shown in Figure 3b.  

In Figure 3c, we have plotted sample leaf images for each label and the average reconstructed 

shapes of dominant Leiden clusters which make up that class. Below each figure, we have a colored stacked 

bar plot for the percentage contribution of each Leiden cluster constituting the given leaf. Almost all the 

contributions come from a single Leiden cluster for distinct shapes like Alnus incana, Acer, Betula 

pubescens, Populus tremula, Quercus, and Salix alba. The similarity in the average reconstructed shape 

with the sample leaf image is also noticeable in these cases. This highlights the ability of our analytical 

pipeline to distinguish different shapes. For leaves such as Populus and Fagus silvatica, we find that it is 

usually a combination of two identified supervised clusters that best describes their shape. For a more 

challenging set, which comprises Ulmus carpinifolia, Salix aurita, and Ulmus glabra leaves, we notice that 

the representative clusters are also similar for these cases. However, their distributions vary. This is very 

encouraging on two fronts. First, it ensures that our model is not overfitting, which is a characteristic of 

unsupervised labeling, and second, even when the shape looks similar, the differences can be picked up 

when doing a population-level analysis. Apart from clustering, the TI analytical toolbox also allows us to 

arrange them in hierarchical order, establishing cluster similarity. It also helps us identify which variables 

were responsible for differentiating the clusters from other shapes. This was achieved through scanpy [49] 

toolbox in python. In Figure 3d, we have a hierarchical arrangement of identified clusters and a heatmap of 

the top 5 variables from each identified cluster, which were instrumental in differentiating them from other 

clusters. The variable number on the left stands for the Zernike polynomial index, and each pixel in a 

particular row corresponds to the value of the Zernike moment corresponding to the polynomial index. The 

heatmap helps us track the subtle changes in a quantitative manner. It also helps us identify the important 

variables that can further help in a light-weight shape prediction model. 

Analysis of leukemia dataset 

To show the efficacy of the developed analytical pipeline on a cellular dataset, we used leukemic 

B cells from early (REH, RS4;11) and late (MN60) stages of malignancy along with healthy B-cells 

(Control) for morphological characterization as shown in figure 4a. The QPI images were acquired by 

suspending 10-15 uL of cell suspensions from cultures at a density of 106 cells/mL sandwiched between 

coverslips separated by a secure seal spacer (Invitrogen) [27]. We employed diffraction phase microscopy 

of the 3M system described previously for acquiring interferograms [50]. The raw interferograms were 

processed using the inverse Fourier transform method to reveal phase images. Like previous cases, we first 

created the mask from phase images, then centered and aligned the image, and finally computed the Zernike 

moments for orthogonal polynomials in the polar coordinate.  

Figure 4b shows the UMAP plot after analyzing the matrix created by Zernike moments. In this 

plot, we see clear segregation between the control and early stages, and there is some overlap between the 

early and late stages. When comparing RS4:11 and REH, both of which constitute the early stages, there 

isn’t clear segregation. This is supported by existing literature where it has been shown that these cell types 

are very similar in morphology [51] [52]. Next, we show a UMAP plot with unsupervised Leiden clustering 
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in Figure 4c. Knowing that leukemia progression starts from healthy cells, we identified cluster 3 as our 

starting point. Thereafter, a trajectory was created using scfates python library [53]. The trajectory 

construction by PAGA (Partition-based graph abstraction) led to the final representation, displaying the 

ordered sequence of the Leiden clusters in Figure 4c. Comparing the two UMAP plots, we see that several 

clusters coexist at each differentiation kinetic time, implying shape heterogeneity of the process (Figure 

4e). The mean reconstructed shape from each cluster is plotted in Figure 4d, showing the gradual evolution 

of cell shape from healthy to malignant. To visualize the changes associated with important Zernike 

polynomials, a heatmap was constructed by plotting the Zernike moment of the top 5 polynomials for each 

cluster in order of importance against the pseudo-time axis (Figure 4f). The gradual changes in the value of 

Zernike moment along the pseudo-time axis can be seen for several polynomials like 5, 145, 25, 85, and 

42. This highlights the power of the method to track subtle changes in morphology qualitatively. Comparing 

the pseudo-time axis at the bottom of Figure 4f and label-wise cluster distribution in Figure 4e, we see that 

most clusters constituting the Control cell type are at the beginning of the time axis. The early stages 

(RS4;11 and REH) have major contributions from clusters in the middle of the time axis, and the late stage 

(MN60) have major contributions from clusters at the end of the time axis. 

Analysis of breast cancer dataset 

To further validate the efficacy of our method, we ran our analysis on breast cancer cell lines with 

limited cell images (N = 157) (Figure 5a). The cell lines selected represent breast cancer cell lines 

throughout their lifetime, starting from the primary organ, then as circulating tumor cells, and finally 

homing to a distant organ, metastatization to the lungs [12]. The three cell lines were seeded in glass 

coverslip-bottom Petri dishes for tomography images. The imaging was performed on an ODT system (HT-

1H, Tomocube Inc., Republic of Korea) comprised of a 60X water-immersion objective (1.2 NA), an off-

axis Mach-Zehnder interferometer with a 532 nm laser and a digital micromirror device (DMD) for 

tomographic scanning of each cell [54]. 

The shape analysis methods that are based on neural networks or other data-driven methods are 

usually not able to give meaningful results with such a small number of images [55]. In our previous work 

[12], we have reported that while quantitative phase images show subtle but significant morphological 

differences, they are insufficient for robust classification of closely related cells at a single-cell analytical 

resolution, particularly when the training data is relatively scarce. The random forest classifier was found 

to asymptotically plateau around 46% (compared to 33.3% random chance). 

This is also evident in Figure 5b, where the UMAP plot with supervised labels is not able to provide 

any significant insight into these cell lines. This is directly a result of continual and asynchronous movement 

between cellular states leading to heterogeneity, and in smaller datasets, conventional analytical methods 

leave us blind without revealing much. Our analysis methods first involved unsupervised clustering using 

the Leiden cluster and then PAGA-based trajectory construction, as described above in Figure 1. By plotting 

the reconstructed shape of the average value of the Leiden cluster, we were able to attach physical meaning 

to the constructed trajectory (Figure 5c and 5d). The cells start as small, rounded structures and gradually 

get bigger and slender. The slender shape is known to enhance migration potential [4] [56] [57]. And finally, 

they get bigger in shape while losing their slenderness [58]. When we look at the supervised label with the 

percent distribution of identified Leiden clusters that constitute them (Figure 5e), we see that P231 cells, 

which are primary cancer cells, have most of the contribution from clusters 4 and 2, which are early on the 

pseudo-time axis (Figure 5f). These cell shapes are mostly oval, with some cells being more directional and 

circular than others. Thereafter, the majority of contribution for CTC cells comes from clusters 0 and 2, 

which are in the middle of the pseudo-time axis. During metastasis, the migrating cancer cell has to make 

its way through the extracellular matrix and then flow into the bloodstream; therefore these 
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microenvironment constraints promote the cell shape to become more slender and spindle-shaped [56] [57]. 

Finally, most of the contribution for LM is coming from cluster 1, which is at the end of the time axis. These 

cells have metastasized to a distant organ and are shedding away its migration potential-related properties. 

However, they are now much bigger compared to other cells as they are more mature  [58]. Interestingly, 

some of the contributions for LM come from cluster 3 as well, which, although in the middle, reflects a cell 

shape that is transitioning from the rounder morphology to spindle-like morphology. Figure 5f also shows 

a heatmap of the top 5 polynomials for each cluster in order of importance against the pseudo-time axis, 

providing quantitative details of morphological differences between different clusters. 

Conclusion 

In summary, our work demonstrates that the use of TI tools, which have been initially introduced for sc-

RNA-seq analysis, could be beneficial to be employed for morphological analysis. Since there is no manual 

input required at any step of the analysis, this methodology is completely automated, and when combined 

with high-throughput phase imaging, it paves the way for a novel generation of morphological phenotyping 

by clearly accounting for cellular heterogeneity. 

Materials and Methods 

Synthetic dataset 

Synthetic cell shape was created using beizer curves implementation in python. This implementation can 

be found at:  https://stackoverflow.com/questions/50731785/create-random-shape-contour-using-

matplotlib  

Leaf dataset 

The leaf dataset is taken from [48]. This dataset can be found at: 

https://www.cvl.isy.liu.se/en/research/datasets/swedish-leaf/  

Cell culture protocol for Leukemia cells 

We purchased the early-stage leukemia cell lines REH and RS4;11 from American Type Culture Collection 

(ATCC, USA) and procured the late-stage leukemia cell lines MN60 from DSMZ (Germany). RS4;11 and 

REH cells were grown in medium consisting of RPMI-1640, 10% (v/v) fetal bovine serum (FBS), 50 

mg/mL penicillin-streptomycin, and 2 mM l-glutamine (Thermo Fisher, Waltham, Massachusetts). The 

MN60 cell line was cultured in minimum essential medium supplemented with 10% (v/v) FBS, 50 mg/mL 

penicillin–streptomycin, and 2 mM l-glutamine. All cells were cultured at a density of 106 cells/mL prior to 

taking them out for measurements.  

For healthy control samples, fresh blood samples from three anonymous healthy adult donors were 

purchased from StemCell Technologies (Vancouver, Canada) and all the experiments were conducted 

within 24 hours of blood donation. The purchased blood samples contained ethylenediaminetetraacetic acid 

(EDTA) as an anticoagulant. The B cells were isolated from fresh blood samples using negative selection 

kits from Stemcell Technologies (EasySep Direct Human B Cell Isolation Kit). 

Cell culture protocol for Breast Cancer cells 

An isogenic panel of varying metastatic potential derived from the human breast cancer cell line MDA-

MB-231 was used in this study. In addition to the parental MDA-MB-231 cells (P231), the panel consisted 

of CTC and LM cells previously obtained after orthotopic implantation of the parental cells in the fourth 

right mammary fat pad of female athymic nu/nu female mouse (NCI) as detailed in our previous 
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publications [59] [60]. The three cell lines were cultured in RPMI-1640 media supplemented with 10% fetal 

bovine serum (FBS), 100 U/ml penicillin, and 100 μg/ml streptomycin and maintained at 37 °C and 5% 

CO2 in a humidified incubator. 
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Figures 

Figure 1: Schematic of the analytical pipeline for Cell-TIMP. (a) QPI cell images are taken from the 

microscope. The cell images are then segmented, and a cell mask is obtained. The mask images are then 

centered and aligned along its major axis. Thereafter, Zernike polynomial calculation is done to obtain 

Zernike moments for each basis function. A reconstructed figure shows that N = 30 is sufficient for most 

cell morphology application. (b) Once we have converted cell morphology in a one-dimensional vector, we 

implement TI analytical pipeline on the data. The method is rooted in partition-based graph abstraction 

algorithm (PAGA) which consists of partitioning a K-nearest neighbors (K-NN) graph into a given number 

of clusters and linking these clusters to form trajectories. The partitioning of graph was done with leiden 

clustering which allows user to avoid guessing the number of clusters required and UMAP was used for 

low-dimensional visualization purpose. (c) A schematic depicting the pathway for Waddington landscape 

plot. 
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Figure 2: Morphological analysis on computer generated shapes. (a) Sample shapes created by 3 and 4 

points bezier curves. (b) Spectra plot of mean Zernike moments for identified clusters for different shapes. 

(c) Scatter plot on a UMAP representation highlighting different identified clusters through Leiden 

clustering. (d) Reconstructed shape from average Zernike moment value of identified cluster. 
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Figure 3: Morphological analysis on Swedish leaf dataset. (a) UMAP plot with actual label after converting 

different leaf shapes into Zernike polynomials. (b) UMAP plot with unsupervised leiden clusters. (c) Plot 

showing sample leaf image for each label and the average reconstructed shapes of dominant leiden clusters. 

Below each figure, we have a colored stacked bar plot for percentage contribution of each leiden cluster 

constituting the given leaf. (d) Heatmap of top 5 variables from each cluster which were responsible for 

identification of clusters. The variable number on the left stands for Zernike polynomial index and each 

row corresponds to the value of Zernike moment for the given polynomial for all the image in the dataset. 

The solid black line along the y-axis is the margin for each cluster.  
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Figure 4: Morphological analysis on leukemia dataset. (a) Sample images of healthy B-cells (Control), 

early (REH, RS4;11) and late (BALL-1, MN60) stages of malignancy. (b) UMAP plot with actual label 

after converting cell shape into Zernike polynomials. (c) UMAP plot with unsupervised clustering labels. 

(d) Reconstructed shape from average value of computed Zernike polynomials from each cluster. (e) Leiden 

cluster distribution for each supervised label showing the majority of clusters along the differentiation 

timepoint align well with the pseudotime axis. (f) Heatmap of top 5 variables from each cluster which were 

responsible for identification of clusters that are aligned on a pseudotime axis. The variable number on the 

left stands for Zernike polynomial index and each row corresponds to the value of Zernike moment for the 

given polynomial for all the images in the dataset. The solid black line along the y-axis is the margin for 

each cluster. 
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Figure 5: Morphological analysis on breast cancer dataset. (a) Sample QPI images of Parental 231 (P231), 

Circulating tumor cells (CTC) and Lung Metastasis (LM) cells. (b) UMAP plot with actual label after 

converting cell shape into Zernike polynomials. (c) UMAP plot with unsupervised clustering labels. (d) 

Reconstructed shape from average value of computed Zernike polynomials from each cluster. (e) Leiden 

cluster distribution for each supervised label showing most clusters along the differentiation timepoint align 

well with the pseudotime axis. (f) Heatmap of top 5 variables from each cluster which were responsible for 

identification of clusters that are aligned on a pseudotime axis. The variable number on the left stands for 

Zernike polynomial index and each row corresponds to the value of Zernike moment for the given 

polynomial for all the images in the dataset. The solid black line along the y-axis is the margin for each 

cluster. 
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