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Deciphering the Minimal Algorithm for Embryogenesis 

Zhiyuan Li 

During development, cells with identical genomes acquires different fates in a highly organized 

manner. In order to decipher the principles underlining development, we used C.elegans as the 

model organism. Based on a large set of microscopy imaging, I first constructed a “standard 

worm” in silico: from the single zygotic cell to about 500 cell stage, the lineage, position, cell-cell 

contact and gene expression dynamics are quantified for each cell in order to investigate 

principles underlining these intensive data. Next, I reverse-engineered the possible gene-

gene/cell-cell interaction rules that are capable of running a dynamic model recapitulating the 

early fate decisions during C.elegans development. I further formulized the C.elegans 

embryogenesis in the language of information genesis. Analysis towards data and model 

uncovered the global landscape of development in the cell fate space, suggested possible gene 

regulatory architectures and cell signaling processes, revealed diversity and robustness as the 

essential trade-offs in development,  and demonstrated distinctive strategies in building 

multicellular organisms. The dynamic model also emphasized previously over-looked constrains 

on development,  and lead to testable experimental predictions. 

 

  



v 
 

Deciphering the Minimal Algorithm for Embryogenesis 

Zhiyuan Li 

 

Background: Development as Collective Fate Decisions .......................................................... 1 

1. Previous systems biology approach to embryonic development .................................... 1 

 Development-related gene regulatory network construction ...................................... 2 

 Mathematical models on pattern formation ............................................................... 2 

 Information theory approach on Drosophila embryo genesis ..................................... 3 

2. C.elegans as a model organism for lineage-based development .................................... 4 

 Overview of C.elegans development: lineage-based, stereotyped embryogenesis ...... 4 

 Signals instruct fate decision: polarity and cell-cell contact ....................................... 8 

 Previous efforts in modeling C.elegans development .............................................. 10 

Theoretical Analysis: General Theories on Embryogenesis .................................................... 12 

1. Attractors, cell fate and the epigenetic landscape. ....................................................... 12 

2. Two strategies on lineage-based embryogenesis ......................................................... 17 

3. Information genesis during embryogenesis ................................................................. 26 

Descriptive Model: Construct the Perfect Worm .................................................................... 32 

1. Data description ......................................................................................................... 32 

2. Cell cycle: proportional scaling on the lineage tree ..................................................... 34 

3. Gene expression: Trajectories on the epigenetic landscape, lineage specifiers and 

mutual constrains between genes ....................................................................................... 38 

 Processing of the raw data: ..................................................................................... 38 

 Clustering Pattern and Trajectories in the gene expression space ............................ 41 

Define Lineage specificiers. ........................................................................................... 47 



vi 
 

 Properties of the lineage specifiers ......................................................................... 51 

 Binarization of the gene expression: ....................................................................... 56 

 Lineage specifiers in hierarchical divisions: two strategies of making multi-call 

organisms. ..................................................................................................................... 58 

 Lineage specifiers counter-interacting in same division : mutual-inhibition pattern . 61 

4. Cell-Cell contact: the possible signaling contacts Developed methods ........................ 63 

 Variable definition ................................................................................................. 63 

 Methods description ............................................................................................... 64 

 Overall results from embryo alignment and segmentation ....................................... 67 

 Examples of cell-cell signaling events identified by segmentation .......................... 81 

The Mechanistic Model: a Worm Develops in Silicon .......................................................... 100 

1. Description of the mechanistic model ....................................................................... 100 

2. Reverse Engineering method for algorithms ............................................................. 101 

3. Caveats in making the worm right ............................................................................ 105 

Discussion and Future Directions ........................................................................................ 110 

 

 

  



vii 
 

List of Tables 

Table 1. The fate of the sub-lineages for 13 founder cells ............................................................ 6 

Table 2. Symbols used for modeling .......................................................................................... 16 

Table 3. Pairs of fate decisions where the lineage specifying events of the ancestral cell happens 

later than that of the descendant cells ......................................................................................... 54 

Table 4. The ratio for the tree clusters of hierarchical fate decisions happening in AB and P1 

lineage cells .............................................................................................................................. 60 

Table 5. The spatial information for cells with Diffscore(c,ABplaa,ABplap)>0.7 ....................... 86 

Table 6. The spatial information for cells with Diffscore(c,ABplpa,ABplpp)>0.7 ...................... 87 

Table 7. The spatial information for cells with Diffscore(c,ABala,ABalp)>0.7 ........................... 88 

Table 8. The spatial information for cells with Diffscore(c,ABala,ABalp)>0.7 , and MS, MSa and 

MSp .......................................................................................................................................... 90 

Table 9. The spatial information for cells with Diffscore(c,Cpa,Cpp)>0.7 and  

Diffscore(c,Caa,Cap)>0.7 .......................................................................................................... 94 

Table 10. The spatial information for cells with Diffscore(c,MSaa,MSap)>0.7 and  

Diffscore(c,MSpa,MSpp)>0.7 ................................................................................................... 98 

Table 11. Input for logic functions for fate decisions in Figure 32 as leaders (A) and passengers 

(B) .......................................................................................................................................... 107 

 

  



viii 
 

List of Figures 

Figure 1. The lineage structure and approximate fate for the founder cells of C.elegans ............... 7 

Figure 2. An illustration of mapping cell fates into attractors ..................................................... 13 

Figure 3. An illustration of the “Minimizing gene usage” strategy ............................................. 19 

Figure 4. An illustration of the “Minimizing signal type” strategy .............................................. 21 

Figure 5. An algorithm of the “Minimizing signal type” strategy in the most gene-efficient form

 ................................................................................................................................................. 24 

Figure 6. Two mechanism of gaining information ...................................................................... 31 

Figure 7. Overview on the cell number in the data ..................................................................... 33 

Figure 8. The cell cycle length scaling in the data ...................................................................... 37 

Figure 9. Overview of the gene expression data ......................................................................... 40 

Figure 10. Examples of PCA projections of gene expression data for certain divisions ............... 42 

Figure 11. Distance of gene expression profile on leaf cells ....................................................... 44 

Figure 12. Four clusters of gene expression distance patterns ..................................................... 46 

Figure 13. The definition of lineage specifier genes ................................................................... 48 

Figure 14. Statistics for the properties of lineage specifiers ........................................................ 50 

Figure 15. The delayed onset of lineage specifying gene comparing to cell division ................... 53 

Figure 16. An example for the lineage specifying events of the ancestral cell happens later than 

that of the descendant cells ........................................................................................................ 55 

Figure 17. The binarization of gene expression .......................................................................... 57 

Figure 18. Example for the relation between lineage specifiers acting in hierarchical divisions .. 59 

Figure 19. The mutual-inhibition pattern for lineage specifiers counter-interacting in same 

division ..................................................................................................................................... 62 

Figure 20. A demonstration of the Voronoi Segmentation .......................................................... 66 

Figure 21. Alignment of the embryos ........................................................................................ 68 



ix 
 

Figure 22. How the contact number and areas change with developmental stage ........................ 70 

Figure 23. The distribution of contact area ................................................................................. 72 

Figure 24. The distribution of contact probability ...................................................................... 74 

Figure 25. The distribution of contact probability in two kinds of Null models ........................... 76 

Figure 26. The relation between the ratio of robust contacts and developmental stages .............. 78 

Figure 27. Correlation between spatial qualities from segmentation ........................................... 80 

Figure 28. Cell-cell signaling induced specification between ABa and ABp ............................... 82 

Figure 29. Cell-cell signaling induced specification between E and MS ..................................... 85 

Figure 30. The gene expression pattern of AB lineage ............................................................... 91 

Figure 31. The average distance pattern on gene expression space for different mother cells on the 

lineage tree ................................................................................................................................ 92 

Figure 32. The PCA projection of gene expression trajectories the differentiation process starting 

from Ca(A), Cp (B), MSa(C) and MSp(D) ................................................................................. 96 

Figure 33. The previously known activation pattern for gene pie-1, med-2, pal-1 and their 

interactions ............................................................................................................................. 104 



1 
 

Background: Development as Collective Fate Decisions 

1. Previous systems biology approach to embryonic development 

Development has the meaning of “unfolding” (Lamarck, 1914). During this amazing process, a 

single zygotic cell forms an complicated yet organized life form, via sequential divisions and cell 

fate decisions. It is the dominating strategy for a multicellular organism come into being (Carroll, 

2005).  

In building a multicellular organism, multiple cell types must be produced to accomplish different 

tasks. More over, all these cell types should be arranged  in a well-organized manner: head should 

be in the place for head, and wings should be in the place for wing. This “requirement on 

organization” makes development more intricate than simple differentiation. In addition, most if 

not all cells in one organism shares the same set of genetic information. Development is a self-

replicating machine with every element following the same set of rule, yet generating 

complicated and repeatable pattern. 

The endless beauty of development attracts innumerous research efforts since centuries ago. As a 

highly interconnected system, where genes regulate genes and cell influence cells, development is 

a born playground for  systems biology, where the emerging properties of the whole system 

cannot be derived from each single part but their interactions (Alon, 2007; Kohl et al., 2010; 

MacArthur et al., 2009). 

In this work, based on a large set of microscopy imaging, I first constructed a “standard worm” in 

silico: from the single zygotic cell to around 500 cell stage, the lineage, position, cell-cell contact 

and gene expression dynamics are quantified for each cell in order to investigatethe principles 

underlining the intensive data. Next, I reverse-engineered the possible gene-gene/cell-cell 

interaction rules that are capable of running a dynamic model recapitulating the early fate 

decisions during C.elegans development. I further formulized the C.elegans embryogenesis in the 

language of information genesis. Analysis towards data and model uncovered the global 
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landscape of development in the cell fate space, suggested possible gene regulatory architectures 

and cell signaling processes, revealed diversity and robustness as the essential trade-offs in 

development,  and demonstrated distinctive strategies in building multicellular organisms. The 

dynamic model also emphasized previously over-looked constrains on development,  and lead to 

testable experimental predictions. 

 Development-related gene regulatory network construction  

With the rapid progresses on high-throughput methods, characterization of the large-scale 

networks governing embryogenesis has became one of the most fruitful fields in systems biology 

of development. For sea urchin, the gene regulatory network controlling endoderm/mesoderm 

fate specification was derived by large-scale perturbation analysis (Davidson et al., 2002). For 

C.elegans, a network of 661 early embryogenesis genes has been constructed based on all three 

protein interaction data, expression similarity and phenotype similarity. The network’s clustering 

structures were able to predict unknown gene functions (Gunsalus et al., 2005). For Drosophila, 

networks responsible for the dorsal-ventral patterning has been mapped (Stathopoulos and Levine, 

2005),  and researchers reverse-engineered the gap gene regulatory network based on the data 

(Perkins et al., 2006). Recent years, more and more development-related network architectures 

from multiple model organisms were revealed,  following similar high-throughput methodology 

(Du et al., 2014; Imai et al., 2006; Morelli et al., 2012). This allows for interspecies comparison 

in searching for common principles underlining embryo formation (Levine and Davidson, 2005; 

Morelli et al., 2012).  

 Mathematical models on pattern formation 

Theoretical investigation on pattern formation during embryogenesis is almost the most “ancient” 

field in systems biology of development. The reaction-diffusion equations producing regular 

patterns on embryos date back to the masterpiece of Turning (Kondo and Miura, 2010; Turing, 

1953). Gene regulatory network that robustly form the strip-shaped segmentation in fly, zebrafish 

and mice embryos are also under heavy computational investigation (Ma et al., 2006; Morelli et 



3 
 

al., 2012; Tomlin and Axelrod, 2007).  It is worth noting that not all multicellular organism 

posses regular pattern during development. For example, C.elegans don’t have segmentation. 

Repetitive patterns may not be able to supply cells with fates that are diverse enough to form a 

whole organism. 

Multiscale modeling has been applied to model organisms with established developmental 

mechanisms (Cickovski et al., 2007; Longabaugh et al., 2005). Followed the pioneering on sea 

urchin embryogenesis regulatory network (Davidson et al., 2002), a dynamic Boolean model on 

its endoderm/mesoderm specification achieved great predictive power (Peter et al., 2012). This 

model focused on the gene and signaling regulatory logics, while both cell number and locations 

stay static with pre-defined domains (Peter et al., 2012). In an another well-studied model 

organism Drosophila, multi-scale model incorporating diffusion and morphogen dynamics was 

utilized to understand the stability of morphogen gradient (Sample and Shvartsman, 2010). Some 

other works focus on cell movement especially gastrulation. For example, researchers coupled the 

mass-action kinetics and intracellular signaling on an agent-based model to study the 

mesendoderm migration in Xenopus lavis (Robertson et al., 2007). Most of these models, 

however, focused on spatial pattern formation in already-existed cell population, and didn’t 

incorporate cell divisions and lineage information. 

 Information theory approach on Drosophila embryo genesis 

Claude Shannon’s information theories has been applied to Drosophila early development. The 

early fate specification in Drosophila is gradient-induced: within the first hours of development, 

rapid cleavage produces ~6000 nuclei sharing a common cytoplasm and uniform status. Then, a 

global gradient of maternal mRNA instructs the differential zygotic gene expression patterns in 

these nuclei, along the anterior-posterior axis (Rivera-Pomar and Jackle, 1996; SF, 2000). In the 

language of information theory, the positional information is initially stored in the gradient of the 

maternal effector genes (Input), then read and interpreted by zygotically expressed gap genes 

(Output). It has been proposed that the morphogen patterning system is evolved to maximize the 
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information transmission (i.e. minimize the information loss) from the input to the output, despite 

the unavoidable noise in biological systems (Siggia, 2008; Tkacik et al., 2008).  

In 2007, Gregor et al showed that this positional information is so precise and reproducible that it 

approaches the physical limit, in both information stored in maternal effector gene Bcoid and the 

information interpreted by gap gene Hunchback(Gregor et al., 2007). Later, the same group 

quantified the information bits carried by each of the four gap genes, and showed that the 

combinatory information from these four gap genes is approximately sufficient for each rows of 

nuclei to have an unique identity (Dubuis et al., 2013). In some theoretical approaches,  the 

mutual information between space and gene expression is used as the fitness function for in-silico 

evolution to understand the gene regulatory networks underlining development and pattern 

formation (Francois and Siggia, 2010; ten Tusscher and Hogeweg, 2011).  

Unlike the gradient-induced patterning, C.elengas develops in a lineage-based manner. The cell-

fate decisions are made upon cell division as the lineage tree spans, not after all cells finish 

dividing. And there is no global gradient known. 

2. C.elegans as a model organism for lineage-based development 

Caenorhabditis elegans is one of the simplest organisms to developmental biology as hydrogen 

model to quantum mechanics. This tinny nematode worm is about 1 mm long, and have two sex 

form as male and hermaphrodite. Hermaphrodite can fertilize itself and has been used more often 

for research purpose. For both sex, the anatomy is already in cell-scale detail. The full genome of 

C.elegans has been mapped, with about twenty thousand protein coding genes annotated, and 

thousands of mutants and RNAi library provide powerful tool to understand the function of genes 

and pathways in great detail (Hillier et al., 2005).  

 Overview of C.elegans development: lineage-based, stereotyped embryogenesis 

Embryogenesis in C.elegans is famous for its stereotypic nature: the whole development program 

is highly reproducible in any given animal, and the fates of each cells is almost perfectly invariant 

based on its position on the lineage tree (Sulston, 1983; Sulston et al., 1983). Within 6 hours of 
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fertilization, the rapid cell cleavage in hermaphrodite will produce 671 cells, but 113 of them 

undergo apoptosis, leaving 556 somatic nuclei and 2 gremlin precursors for hatching (Kipreos, 

2005). In this newly hatched larval, most cells already terminal differentiated.  Only 53 somatic 

cell continue to divide post-embryonically throughout the four larval stages (L1-L4). After about 

10 hours, the adult worm finally form, carrying exactly 959 somatic cell nuclei plus about 

thousands of germ cells (Alberts B, 2002). We focus ourselves mostly on the embryogenesis 

before hatching in hermaphrodite C.elegans.  

The cell fate decisions in C.elegans strictly rely on the lineage.  The lineage identifications are 

built stepwise during cell division. Starting from the first cleavage, where the zygotic cell P0 

divide into P1(mostly produces gremlin, muscle and intestine cell) and AB (mostly produces 

neuron and hypoderm cell) cell, each division can assign sister cells with different fate. 

Separating AB and P1 does not lead to two full worms, like that in many mammalian embryos. 

Instead,  the separated P1 and AB cell will stick to its original developmental path into two “half 

worm”.  It seems that the embryogenesis of C.elegans follows a pre-programed and non-plastic 

manner.   

From the zygotic cell to the 13-cell stage, the over-all cell fates are largely established. Therefore 

these 13 cells are defined as “founder cells”. The name, lineage and function of these 13 cells are 

shown in the Table 1 and Figure 1 below. 
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Table 1. The fate of the sub-lineages for 13 founder cells 

Cell name Lineage fates 

P4 Germline  

D Body wall muscle cells 

C Body wall muscle cells and hypodermis. Except Caap descendants produces two 

neurons and one apoptotic cell. 

E Intestine cells 

MS Body wall muscle cells, gonad cells, and some neuron cells 

ABprp Mostly neuron cells. Some apoptotic cells. Little muscle and hypodermis  

ABpra Neuron cells , hypodermis, vulva cells and apoptotic cells 

ABplp Mostly neuron cells. Some apoptotic cells. Little muscle and hypodermis  

ABpla Neuron cells , hypodermis, vulva cells and apoptotic cells 

ABarp Mostly hypodermis, some neuron cells and apoptotic cells 

ABara Neuron, muscle and hypodermis and apoptotic cells 

ABalp Neuron, muscle and hypodermis and apoptotic cells 

ABala Neuron and apoptotic cells 
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Figure 1. The lineage structure and approximate fate for the founder cells of C.elegans 
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 Signals instruct fate decision: polarity and cell-cell contact 

Two sister cells inherit the same cellular states from their common mother, unless there are 

signals to differentiate them. In the early development of C.elegans, there are three systems of 

signals instructing the sister  cells to be identical with each other:  

1. Germline-disposing polarity initiated by the sperm, which entitle the most posterior cells P1, 

P2, P3 and P4 with unique fate. 

2. Anterior-Posterior polarity involving the non-canonical Wnt pathway, which sets up the 

asymmetric activity of transcription factors POP-1/SYS-1 in two sister cells.  

3. The cellular signaling based on local cell-cell contacts, like the Notch-Delta signaling pathway. 

In the embryogenesis of C.elegans, there is no global gradient in known.  

The centrosome brought in by the sperm breaks the symmetry of zygotic cell, by contacting the 

cortex and setting up the posterior pole (Gönczy, 2005). This event initiates a cascade of 

signaling process that establishes polarity alone the anterior-posterior axis in this initial cell 

(Tostevin and Howard, 2008): a serials of PAR proteins are participated into either the anterior or 

posterior membrane of the cell (PAR-3, PAR-6 into anterior domain while PAR-1 and PAR-2 

into posterior domain) (Hoege and Hyman, 2013). PAR-1 inhibits RNA-binding proteins MEX-5 

and induces the cytosolic gradient of MEX-5. The higher concentration of MEX-5 at the anterior 

side drives asymmetry partition of several fate-decision factor, like PIE-1 and P-granules, into the 

posterior daughter P1 (Guedes and Priess, 1997; Hoege and Hyman, 2013). By similar 

mechanism, PIE-1 and P-granules are always partitioned into the most posterior cell, from P1 cell 

to P4 cell, and are essential for the formation of germ line in P4 cell (Hubbard, 2005).  

The Anterior-Posterior polarity on POP-1/SYS-1 happens for most of the sister pairs during early 

development (Park and Priess, 2003). Unlike Drosophila, where there is a globally decreasing  

gradient from the anterior to the posterior pole of the whole embryo, in C.elegans, for each sister 

pair with POP-1 asymmetry, POP-1 is always higher in the more anterior sister nuclei than the 
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more posterior one (SYS-1 has a reciprocal distribution with POP-1). This asymmetric 

distribution may regenerate at each division, and can lead to a alternative pattern of POP-1 as 

101010…. .  In AB lineage, POP-1 asymmetry starts at AB(8) cell stage and  lasts up to AB(128) 

stage (Park and Priess, 2003). In P1 lineage, POP-1 asymmetry starts in the EMS/P2 sister pair 

and lasts to at the least 28-cell stage (Lin et al., 1998). Loss of POP-1 activity causes several 

anterior cells to adopt the fate similar to their posterior sisters (Lin et al., 1998).  

The biological mechanism guiding the direction of asymmetry remains elusive, though its known 

that the non-canonical Wnt pathway is essential for the formation of POP-1/SYS-1 asymmetry.  

P2 is known to be an important signaling center and induces the POP-1 asymmetry in EMS cell. 

Also, P1 descendants like E, MS and C lineage cells are also shown to have potential to induce 

POP-1 high/low polarity in AB lineage. However, the same research also shows that the 

asymmetric POP-1 pattern in AB lineage can arise without cell interactions from P1 lineage after 

the AB(8) stage. In other studies, it was shown that P2 and its descends are the polarizing center, 

and polarized cells can induce polarization in nonpolarized cells by relay mechanism(Bischoff 

and Schnabel, 2006). It is also speculated that the midbody may provide a cell intrinsic anchor for 

the direction of polarization (Lin et al., 1998). It would be very interesting, even from pure 

theoretical perspective, to try to build computational models reproducing this robust and 

repetitive A-P pattern.   

Cell-cell singling is another important source for sister cells to acquire new identity. Actually, 

POP-1/SYS-1 asymmetry might also be induced by cell-cell contacts. Nevertheless, since the 

detailed mechanism for most of the POP-1/SYS-1 asymmetry remains elusive, and the whole 

embryo shows a highly consistent and repetitive pattern of POP-1/SYS-1 asymmetry for 

marketing anterior/posterior sisters, we just treat the POP-1/SYS-1 asymmetry as a independent 

signaling system to instruct sister cells’ fate decisions. 

Most of the known cell singling in C.elegans embryogenesis depends on Notch or Wnt pathway. 

For example, P2 cell is known as a signaling center. It is showed to direct the differentiation of 
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AB cell’s two daughter ABa cell and ABp cell, and EMS cell’s two daughter E cell and MS cell. 

In the 4-cell stage of the embryo, P2 cell expresses APX-1/Delta ligand on the membrane and 

both daughters of AB express GLP-1/Notch receptor. Nevertheless P2 only contact ABp but not 

ABa,  which activate Notch pathway only in ABp and set up the differential fates for the 

daughters of AB cell (Priess, 2005). P2 also segregates the C.elegans homology of Wnt protein 

MOM-2. EMS cell receives this signal by the MOM-5 protein and down regulate the POP-1 level 

in its P2-contacting side, which later becomes the E cell. Without contacting P2, EMS will divide 

into two MS-like daughters (Eisenmann, 2005). 

 Previous efforts in modeling C.elegans development 

When the word “model” is used in quantitative biology, there are generally two meanings:  

1. A descriptive model, where researchers extract and summarize useful information from a 

biological system, then represent these information in a concise manner, preferentially with 

visualization.  

2. A mechanistic model, where researchers assume quantitative rules a biological system should 

follow, and simulate how an abstractive bio-system evolve under these rules, usually with the 

help of computers.    

Large number of descriptive models relating to C.elegans development has been built, from all 

different aspects: The lineage tree has been summarized (Sulston et al., 1983) and presented in an 

interactive webpage (Bhatla, 2011). The 3-D localizations of cells were mapped (Bao et al., 2006; 

Martinelli et al., 1997; Murray et al., 2012) with possible cell-cell contacts deduced in different 

methods (Bignone, 2001; Hench et al., 2009). Large-scale gene expressions were quantified with 

cellular resolution (Liu et al., 2009; Murray et al., 2012), and the relating networks were derived 

(Boxem et al., 2008; Gerstein, 2011; Gunsalus et al., 2005; Stigler and Chamberlin, 2012). Using 

these high-dimensional data, computational methods were developed to characterize the fate 

decisions during embryogenesis (Du et al., 2014; Xu and Su, 2014). These descriptive models 

significantly facilitate the investigation into the fundamental mechanisms of development. For 
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researchers need resource on C.elegans development, WormBase is a comprehensive database to 

search on (Harris et al., 2010). 

With growing amount of experimental data and descriptive models, there were continuous efforts 

in building mechanistic model on the whole worm. For example, OpenWorm is a exciting open 

science project in modeling the neuron-muscular connection and body locomotion of the adult 

worm at the cellular level (Palyanov et al., 2011). However, most projects aiming at simulating 

the embryogenesis of C.elegans in a large-scale either ends up unfinished (Kitano et al., 1998),  

or computationally elegant yet the biological meaning has not been demonstrated in a realistic 

setting (Geard and Wiles, 2005; Platzer and Meinzer, 2004). In the “Caveats in making the worm 

right” section of this article, we are going to discuss that there are intrinsic difficulties in 

simulating the collective cell fate decisions coupled with divisions during embryogenesis, which 

makes mechanistic modeling on embryogenesis difficult.  

Relatively “small-scale” models focusing on individual differentiation process produced fruitful 

results. For example, there are a number of dynamic models on the patterning of the six vulva 

precursor (VPC) cells during the L3 stage (Corson and Siggia, 2012a; Fisher et al., 2007; Hoyos 

et al., 2011). For embryonic fate decisions, despite tremendous biological investigations,  there is 

almost no mechanistic math models. 
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Theoretical Analysis: General Theories on Embryogenesis 

1. Attractors, cell fate and the epigenetic landscape. 

Attractor is the central idea from systems biology for the cell fates (Enver et al., 2009; Hasty et al., 

2001; Karlebach and Shamir, 2008). In the mathematical description of gene regulatory network 

for one cell, there are two key elements: variables and parameters (Figure.2A). Variables, like the 

expression for genes, are internal for the network, with the changing rates influenced by 

parameters and other variables. Parameters, like the morphogen gradient or intracellular signaling 

received by a cell, can be set externally when considering the status of a individual cell  (Tyson et 

al., 2001). The state of a cell is represented by the value of all relevant variables (Huang, 2009). 

Given a set of fixed parameters, variables evolve autonomously following the rate equations 

defined by interactions (Figure 2B), till they reach a special dynamical state where all nearby 

states will finally fall into (Figure 2C). This special state is therefore named "attractor" (Figure 

2D). The attraction property makes it robust, and can be representative of a stable cell fate 

(Kitano, 2004). An attractor can be a steady state, a limit cycle or even a chaotic one, as long as it 

“absorbs” nearby states (Strogatz, 2001). All states that finally evolve to that attractor define its 

attractor basin.  Therefore, a “landscape” view is used to describe the state space under one set of 

parameter (Figure 2D): mountain top separates different basins, and the state of cell is like a small 

ball rolling down from a hill towards the valleys—the attractors. 

When parameter changes, such as the cell-cell contact change or the morphogen concentration 

changes, the attractor-landscape changes correspondingly: the basins shrink or expands, and the 

number, type and positions of attractors may also alter. When qualitative changes happen on 

attractor landscape, it is named bifurcation in non-linear dynamics (Hilborn, 2000).  

 

  



13 
 

Figure 2. An illustration of mapping cell fates into attractors 

 

 

A. a coarse-grained view of cell-fate-controlling Gene Regulatory Networks (GRNs). B. a 

demonstration of rate equations for cell-fate related genes; C. a demonstration of the state space 

of gene expressions under one set of parameters; D. an intuitive picture of attractor landscape.  
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The correspondence of attractor to cell type has been It seems that proposed for several 

decades(Cinquin and Demongeot, 2005; Kauffman, 1969; Monod and Jacob, 1961), yet hasn’t 

been experimentally validated till recently (Chang et al., 2006; Huang et al., 2005). These 

experiments focused on the “attractiveness” of cell states regardless the specific network structure: 

two chemically distinct stimulus can stimulate the differentiation from promyelocytes to 

neutrophil. In a 2773-dimensional gene expression space, initially the gene expression profiles are 

diverged by these two kinds of stimulus, but finally converge together to a common state from 

different directions (Huang et al., 2005). Although follow-up experiments suggested that one cell 

type might actually be the ensemble of multiple attractors in the gene expression space (Chang et 

al., 2006; MacArthur and Lemischka, 2013), mapping one cell type with one attractor would still 

be a useful simplification. For example, a recent work constructed a geometric model with three 

attractors to fit the three cell types in C.elegans vulvar development. Without assuming the 

structures specific regulatory network, this phonotypical model explains the observed 

experiments and correctly predicts the epistasis interactions (Corson and Siggia, 2012b).  

Different mathematical approaches are developed in modeling the dynamics of a gene regulatory 

network. One of the simplest approach is the discrete Boolean model. In the simplest form of 

Boolean model, gene activity only have two states: ON and OFF. The binary sequence 

representing gene activities at time t  is mapped from the gene activity at time t-1, by a set of 

Boolean logic functions. More complicated approach is the Ordinary Differential Equations 

(ODEs), where the variables are continues with their changing rates affected by other variables. 

Computationally intensive stochastic modeling come into play when the role of fluctuation is 

important. Depending on the properties of experimental data and aim of the modeling, one may 

want to choose the simplest mathematical approach that is sufficient to answer the questions been 

investigated.  

In this work, we used two-layered Boolean models.  
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The first layer of the model is the gene expression dynamics in each single cell. In cell c , the 

activity of the i-th gene at the next time step is mapped by a Boolean grammar 퐵표표푙퐹푢푛 (푔⃗ , 푠⃗). 

The input 퐼 = (푔⃗ , 푠⃗)  includes two parts: 1. 푔⃗, the binary sequence of the gene expressions in 

cell c. 2. 푠⃗, the status of signals received by cell c .  

The second layer of the model is on how cells influence each other, including inheriting  푔⃗  from 

mother cells,  and sending/receiving signaling to/from neighboring cells. As the lineage tree 

grows, a pair of sister cells inherit the gene expression state from their mother, then their 

expression profile may become different due to distinctive signals they received. When the 

ON/OFF state of any gene in a daughter cell become different with its mother, we call it a “fate 

decision”  or “choice”. According to the biological understandings discussed before, there are 

three systems of signals for sister cells to establish the fate difference:  

(1) The PIE-1 in the most posterior cell P1-P4;  

(2) The Anterior-Posterior asymmetry of POP-1 activity  starting from P12 stage and AB8 stage.  

(3) cell-cell signaling by direct contact.  

While the first two kinds of polarity signals might be pre-defined for each cell, the local cell-cell 

interactions depends on the current  푔⃗  of the singling cells. Therefore, when a cell c come in to 

birth, it may acquire a new expression statues according to 푠⃗, then this new expression status 

might allow it to send signal to another cell. This network of causality  leads to a cascade of fate 

decisions that finally forms the whole worm. 

Table below described the symbols we used in modeling.  
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Table 2. Symbols used for modeling 

Symbol Meaning 

푔 Gene. 푔⃗  is the gene expression profile in cell c 

푐 Cell 

푠 Signal.  푠⃗ is the signal profile received by cell c 

푚 measurement 

푡 time 

푐푙푒푛(푐, 푚) cycle length for cell c at measurement m  

퐺 gene expression level. G(m,c,t) is the expression of the gene in the 

measurement m, for cell c at time t. 퐺(푚, 푐) is the time-average of 

gene expression in the cell c 

→ three-dimensional localization vector. The three-dimensional location 

vector for cell c in measurement m at time t is: 
( , , )
⎯⎯⎯⎯  
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2. Two strategies on lineage-based embryogenesis 

Generating multiple cell fates may not a very difficult task, especially when the network contains 

sufficient number of positive feedback loops (Li et al., 2013). However, it needs greater effort to 

generating multiple cell fates predictively though sequential cell division and differentiation,  

especially when all cells on the lineage tree own same set of genetic code. 

In a cell, gene regulate each other; between cells, signals are send and received to influence 

other’s expression statues. In order to generate multiple fates efficiently, the grammar for the i-th 

gene 퐺 (푔⃗ , 푠⃗) should not be the same with grammars for any other genes. According to how 

much a fate decision (i.e. a gene in a cell flip its ON/OFF state) relies on the gene expression 

status 푔⃗ or the signals  푠⃗, there are two extremes of strategies to form an organized multiple cell 

organism, without global gradient:  

1. Minimizing the gene usage (i.e. Maximizing the cell types);  

2. Minimizing the signal types.   

We are going to show later in the section of “Gene expression: lineage specifiers and trajectories 

on the epigenetic landscape”, that both strategies are utilized by C.elegans for generating 

different lineages.  

For simplicity, we assume the zygotic cell start with all gene OFF state.   

In the first strategy, “minimizing the gene usage”,  the maximal number of cell fates are achieved 

for given number of genes, with the cost of requiring multiple signal types. From X genes, the 

maximal number of different expression profile can be achieved is: 2 . This number is achievable 

only when genes choose ON/OFF independently with each other (Figure. 3A), as constrains 

between genes reduces the number of attractors (Li et al., 2013). In this scenario, the current gene 

expression state does not constrain the future choice of any gene, so a gene’s status depends 

merely on the external signals. The grammar 퐺 (푔⃗ , 푠⃗)  reduces into 퐺 ( 푠⃗),  and these 

grammars need to be different for each gene. Therefore, when there are X genes, there should be 

at least X types of signals. Each gene should have a different type of  controlling signal. Or else, 
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two genes share the same signal will have basically the same ON/OFF pattern and the number of 

cell fate got reduced.  

This strategy has several recognizable signatures on the gene expression space: 1. For leaf cells, 

their distances in gene expression profile does not cluster by the lineage tree (Figure. 3C). 2. 

Since the lineage history (previous fate decisions)  does not constrain the direction of future 

decisions, the flow of gene expression profiles during embryogenesis does not follow the binary 

tree-shaped Waddington landscape. Instead, it produces a firework-like pattern (Figure. 3D).  
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Figure 3. An illustration of the “Minimizing gene usage” strategy 

 

Strategy I: minimize the gene usage, where X genes can produce 푋  fates. A. an example of 

development under this strategy, where each circle is one cell on the lineage tree, and each box 

represent the state of a gene (white: poised state, yellow: ON, blue: OFF). B. a possible gene 

regulatory network and turning on conditions for producing pattern in A. C. the distance of 4 leaf 

cells on gene expression space.   D. an illustration of trajectories of different cells on the 

epigenetic landscape.  
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In the second strategy, “minimizing the signal type”,  one single type of signal is used repetitively  

to generate the whole tree, with the cost of much less cell types been generated for a given 

number of genes. The reason we considered this extreme of "only using one type of signal" is 

because the types of signals in development seems limited, In the very early developmental stage, 

there are limited number of cells and therefore limited types of cell-cell signals. Furthermore, 

there are only several kinds of signals known biologically, like Wnt, Notch and BMP.  

When all cell use the same type signal to drive fate decision, 퐺 (푔⃗ , 푠⃗) reduces into 퐺 (푔⃗ , 푠), 

where s is a scalar with binary value. In order to ensure that same signal induces different fate 

choices instead of turning ON all genes at once, functions of 푔⃗  should be different for each gene. 

We will use the generation of 4 cell fates as an example. An anterior signal is always applied to 

the more anterior cell 1, 3 and 5, and all genes use anterior signal to turn ON (Figure 4). 

The grammars maps the current cell fate to the next. Therefore, 푔⃗   should be satisfied by at least 

one cell's gene expression profile. If one assign 푔⃗   to be match exactly the expression profile of 

one cell, this gene's ON/OFF choice can only be made once in the lineage tree even the same 

signal is countered again and again. This is the simplest design for a lineage and requires N genes 

to produce N+1 cell types. If 푔⃗  is assigned to be satisfied in multiple cells, one should be 

cautious because this might "cancels" gene constrains and make other cells appeared early in the 

lineage tree to satisfy the same condition, and produce aberrant turning ONs. For example, if a 

gene B turns on in both cell 3 and 4, it means there is no constrain of fate specification 1/2 on the 

B's decision making, therefore B could have turn on early in 1, instead of 3 and 4. The principle 

in adding a gene to assign each newborn cell on the lineage tree with a different fate is: the 

turning ON condition can't be cancelled to make "old cells" on the lineage tree to also satisfy the 

same condition.  
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Figure 4. An illustration of the “Minimizing signal type” strategy 

 

Strategy II: minimize the types of signals, where 1 types of signals are sufficient to drive the 

whole embryogenesis. A. an example of development under this strategy, where each circle is one 

cell on the lineage tree, and each box represent the state of a gene (white: poised state, yellow: 

ON, blue: OFF). B. a possible gene regulatory network and turning on conditions for producing 

pattern in A. C. the distance of 4 leaf cells on gene expression space.   D. an illustration of 

trajectories of different cells on the epigenetic landscape.    
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A more "gene efficient" and elaborate design is described here. As shown in Figure 5, the first 

fate decision happen between cell 1 and 2, and we assign the gene turn ON in 1 but not 2 as A, 

therefore the grammar for gene A is:  

퐴 = 푎푛푡푒푟푖표푟 

And all decisions should be “locked” once done: after the fate specification of A, its expression 

level in daughter lineages should be frozen regardless of polarity status of descendant cells.  

 For genes specifying the fates between cell 3 vs. 4 and cell 5 vs. 6, their grammar shall be 

different with that of gene A; or else, they will all turns on in cell 1. If the same gene is used for 

fate specification for both 3 vs. 4 and 5 vs. 6, this gene basically  get no constrains from gene A, 

and its turning ON grammar would be anterior too. Therefore, 3 vs. 4 and 5 vs. 6 should used 

different genes with different turning ON grammars. At this stage, the only gene can supply them 

with different gene background is A, therefore, it is nature to assign the turning ON grammar to 

be differentially depends on gene A. For example, gene B's grammar is:  

퐴푛푡푒푟푖표푟 ∙ 퐴 

And tentatively set gene C's grammar is:  

퐴푛푡푒푟푖표푟 ∙  ! 퐴 

 However, when the root cell is also anterior, the turning ON condition for gene C is already 

satisfied in the root cell 0. Thereby, additional to the gene A to distinguish 1 from 2, there should 

be another gene D, which turns on in cell 2 and makes both 1 cell and 2 cell different from their 

mothers. Let the turning on grammar for D is:  

푃표푠푡푒푟푖표푟 

And gene C’s grammar to be : 

퐴푛푡푒푟푖표푟 ∙  퐷 

 

Therefore, in order for such a structure to continue, at least two genes should be added to each 

layer for cousin cells, and another two genes are needed for making each sister cells distinctive 
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from mother. Excepting the root cell (layer zero) and the first two daughter cells (layer one), four 

genes are required for each layer, as can be seen in the layer two and three in Figure 5.  

Therefore, when the lineage tree has 푙 layers, there are 2  cells. The zero and first layer are 

exceptions, which cost 2 genes, all the rest of layers need 4 genes each, and need 4(푙 − 1) + 2 

genes in total. Finally,   푁 genes will produce 2  different fates. When layer number smaller 

than 4, the simplest design produce more cell types; when the layer number is larger, this design 

produce more cell types with given number of genes.  
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Figure 5. An algorithm of the “Minimizing signal type” strategy in the most gene-efficient 

form 

 

An algorithm of the “Minimizing signal type” strategy. Circuits are cells with their IDs, and color 

lines indicate where the genes are turned ON. The final expression and algorithms for each gene 

is listed below the lineage tree.  
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Regardless of the above description, this “minimize signal type” strategy has distinctive signature 

on gene expression space with the previous “minimize gene usage” strategy. First, the gene 

expression cluster well with the lineage tree structure (Figure 4C); second, it produce binary tree-

like trajectories on the gene expression space as development progresses (Figure 4D).  

There are two aspects of development: producing multiple stable cell fates from identical genome, 

and directing each cell to its designated fate precisely. These two aspects be summarized as 

“diversity” and “robustness”. The aforementioned strategies stand on two sides of diversity and 

robustness, and there is a trade-off between diversity and robustness.  

The “minimizing the gene usage” strategy requires large number of different types of signals, 

while the polarity may only provide two types of signals: anterior-posterior or the germline-

disposing signal. In order to produce more than two types of cells, cell signaling is required. 

Assuming cells with different gene expression profiles can send different signals to contacting 

neighbors, we can generate a lineage tree where the diverse cell fates are triggered by different 

cell fates in the last time step. However, as we are going to discuss in the “Cell-Cell contact: the 

possible signaling contacts” section, most of the cell-cell contacts are not robust due to extensive 

cell movement. Moreover, any errors in signaling and fate decision in one cell would influence 

the fate of contacting cells, and form a chain reaction of errors. It is reasonable to speculate that 

this strategy, though producing the most cell fates, requires cell-cell signaling and may not be 

very robust in producing predictive fate patterns.  

The “minimizing the signal type” strategy produce much less cell types than the formal strategy 

with given number of genes (2   V.S. 2 ).  It only requires one type of signal, which should be 

applied to each fate decision point on the lineage tree. Once such signal is the A-P polarity 

manifested in  POP-1/SYS-1 asymmetry. According to experimental observation, this signal is 

highly robust, always high/low in the anterior/posterior sister starting from AB8 and P112  stage. If 

we digitalize  POP-1 high as 1 and low as 0, following the lineage, each cell actually got a unique 
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identification as: 100111…. If genes can “record” these 1 and 0 as history, this signal already 

assigns each cell with its unique fate reproducibly.  

3. Information genesis during embryogenesis 

The trade-off between diversity and robustness in development can be formulized into the 

language of mutual information. Based on Shannon's theory, information between variable X and 

Y is the reduced uncertainty in X once Y is known. We can define phenotypical information as 

the reduced uncertainty of cell fate by knowing the cell's position on 3-D space or on the lineage 

tree. Given the lineage-based development of C.elegans and experimental observations that cell 

migrate to "predefined" position after they acquired corresponding fate, we use the lineage 

position of cells as the reference. Note that for other embryos relies more on 3-D position or other 

source of information, the reference can be defined differently. Setting the observed fate f appear 

with probability 푝 ,  The uncertainty of cell fate is quantified as phenotypical fate entropy:  

퐻(푓푎푡푒) = 푝 ∗ 푙표푔 (푝 )  

It is a measurement of diversity. The more different fates there are, the higher the entropy is.   

And the reduced uncertainty given lineage position, is quantified as the conditional entropy of 

cell fates on lineage positions (set lineage position):  

퐻(푓푎푡푒|푙푖푛푒푎푔푒 푝표푠푖푡푖표푛) = 푝 ∗ 푙표푔 (푝 )  

 

It is a measurement of robustness. If given the lineage position, the cell fate is completely fixed 

no matter how many embryos one measured, this term is roughly zero -- it is the case for 

C.elegans development as we know.  

Therefore, the mutual information, defined as the phenotypical fate entropy minus the conditional 

entropy given lineage position, is a combined measurement of diversity and robustness. When 

there is only one fate available, though extremely robust, the phenotypical fate entropy is zero 
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and the mutual information is zero; when there are high number of fates but these fates are placed 

randomly in the lineage tree, the phenotypical fate entropy is high yet the  conditional entropy 

given lineage position is also the same amount, rending the mutual information into zero. A high 

mutual information requires both highly diverse cell fate, and a stereotyped arrangement of these 

fate on the lineage tree. We hypothesized that embryonic development would maximize this 

phenotypical fate information. 

The phenotypical fate information got increased as development progresses.  A zygotic cell can 

only be one fate and has zero information. A well developed embryo has multiple cell fates 

organized in reproducible way and have high information content. Embryo genesis is also a 

process of information genesis, where cells decode the information stored in genome by 

interpreting their spatial/lineage identity into different gene expressions patterns in autonomous 

or non-autonomous manner.  

The early development of Drosophila and C.elegans are examples for two different methods of 

gaining phenotypical information: "transmission" and "information genesis".  In Drosophila, 

positional information is fully manifested by a maternal deposed morphogen gradient, and 

nucleus translate different gradient into corresponding gene expression levels. In this process, the 

embryo has to minimize the information loss during transmission ; In C.elegans, no global 

gradient is known, and the posterior side set by the sperm entry point is the only external 

information (1 bit). According to our consolation, defining cell fates by binary gene expression 

profile and assuming the conditional entropy is zero, C.elegans embryo at 300 cell stage, posses 

about 7-8 bit of information. Information is indeed generated, and we would like to investigate 

the reason for this incensement. 

There are two mechanisms for phenotypical information to increase during C.elegans 

development: inheritance and exchange. During the discussion below, we take the simple 

assumption that the development of C.elegans is stereotyped and therefore the conditional 

entropy is zero. Therefore, gaining information is to increase cell fate diversity in predictive 
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manner. More complicated senior considering noise  and non-zero conditional entropy will be 

discussed later.  

The first mechanism, inheritance, increase the information content given the repetitive 

polarization pattern. Without polarization and external signals, daughter cells merely inherit the 

gene expression profile of the mother cell, and no new fate is produced and no diversity is gained 

(Figure 6). When the daughter generation reproduces the POP-1 polarity pattern of the mother 

generation, an iterative 1010... array marks the more anterior/posterior sister cells. Only viewing 

the cell fate in the sense of POP-1 activity, the information content always equals to 1 in each 

generation,  since POP-1 high/low are two fates with same frequency. However, when daughter 

cells can inherit and "remember" it's ancestor cells' POP-1 state chronologically, a time course of 

POP-1 high/low can mark each cell's unique lineage history. If there are genes to "record" the 

anterior/posterior choice at each division, each newly appeared cell will gain a unique gene 

expression profile, and the fate diversity doubles after each round of division. Therefore, by 

daughter cells inheriting the polarity state and the lineage history of the mother cell and making 

fate choice accordingly, information content in the whole embryo gets increase.  

The second mechanism, exchange of information, works when cells with different fates contact 

and signal to each other. When cells with same fate identify signal to each other, the fate change 

would be equivalent. For example, if cells with fate A contacting each other will turn into fate B, 

then all fate A cells will change into fate B since cells always contacts their sister cells. There will 

not be a change of fate frequency and no gain of information. Only when the signaling cell and 

the target cell has different fate identity, an "extra information" can be given from the signaling 

cell to the target cell, allowing the target cell to adopt a new fate identity. When signaling cell 

only contact part of cells with same fate identify of the target cell, the frequency of fate changes 

and there is a increase of information. For example, as shown in Figure 6, if the gene regulatory 

network specifies the fate transition rule as: if cell with fate A is contacted by cells with fate B, it 

turns into fate C, the information of the whole system increases by 0.5 bit. Unlike energy, 
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information does not necessarily conserve in an dynamics system. A subsystem share its 

information to other subsystem does not have to lose this part of information (subsystem defined 

as a system with homogenous elements, i.e. cells with same fate). Together, by exchanging their 

fate information, a more and more diverse and complex system can build itself. 

Both mechanism for autonomous information genesis are demonstrated in a extremely simplified 

way. There might be more complicated methods for leveling up cell fate diversity and increase 

the cell fate autonomously. Anyhow,  both inheritance and exchange can be summarized into a 

common mechanism of information genesis: stacking the history of the system to its current state 

to increase the diversity. This is apparent that for "inheritance", where cells have to record the 

lineage history to produce new fate when the same polarity signal are applied repetitively. 

Therefore, the new state of a cell can be symbolized as adding 1 (when the new cell is the anterior 

sister) or 0 (when the new cell is the posterior sister) to the mother cell's state, and therefore the 

state of the cell can be symbolized as an array of history plus the current polarity state, as shown 

in Figure 6.  In the "exchange" mechanism, target cell fetch the state of the signaling cells and 

change its own fate accordingly. Therefore, the new state of the target cell can be symbolized as 

the old state of the target cell plus the state of the signaling cell, that is, the history of the other 

part of the system.  As time progresses, this process may continue forever and increase the 

diversity of the system without an up limit. Symbolic dynamics would be utilized for furthur 

investigation on the details of information genesis. 

We can quantify the maximal information increase when a subsystem is supplied with additional 

information to turn part of it to be different. This additional information can come from polarity, 

or cell-cell signaling. Set the frequency of the original sub-system to be 푓 , then this subsystem 

contribute to the total diversity by . when p fraction of the subsystem obtain a new fate by getting 

a different polarity signal or contacting a different set of cells with the (1-p) part, these two new 

subsystems contribute to the diversity by. Therefore, the total gain of information is: . It's 

maximal value is 푓  and this maximal value happen when 푝 = 0.5. Therefore, maximal 
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information gain happens when half of the subsystem choose a dinstinctive fate with the other 

half. This is the case for most fate specification process: usually,  two sister cells acquire different 

fates to equally split the subsystem, instead of producing multiple cells with same identity then let 

a small fraction of them turning into another fate.  

The phenotypical information on cell fate is not generated from nothing. The zygotic cell, though 

only manifest one stem cell fate, contain all rules about gene-gene regulation and cell-cell 

signaling in the genome. Cell division and contacts build interconnected channels that allows 

information to transfer from mother to daughter or signaling cell to target cell. Nevertheless, 

whether the receiver of information change its fate accordingly and increase system diversity, 

strictly depends on these "rules" prescribed in the genome. Together, these channels constitute a 

decoding machinery that interpret rules encoded by the genome into phenotypical information. 

The concept of autonomously information genesis and the superposition of history and current 

needs more investigation.  
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Figure 6. Two mechanism of gaining information 

  

Two mechanism of gaining information. Circles represent cells, and different color indicate 

different cell fates. A, a lineage tree is generated with cell have Anterior(red)-Posterior(green) 

identity. If cell have memory on the polarity state of their mother cells, the total number of cell 

state, indicated by the two-layer box below the tree, is four. B. two groups of cells with two 

different fate (green and red) contact (indicated by arrow). According to the cell-cell interaction 

rules, red cell contacted by green turns to yellow, and green cell contacted by red turns into blue. 

By exchanging their fate information, the total number of cell types increases to four.      
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Descriptive Model: Construct the Perfect Worm 

1. Data description 

We used 195 measurements (the gene expression and cell locations from one embryo is defined 

as one measurement) of the C.elegans development obtained from EPIC database 

(http://epic.gs.washington.edu/). Each measurement traces the development dynamics of a single 

worm from the zygotic stage to 300-400 cell stage (Figure 7), including the single-cell resolution 

transcription dynamics of a developmentally important transcription factor, the lineage relation 

between all cells, and the 3-dimensional localization of all nucleus in all time points.  
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Figure 7. Overview on the cell number in the data 

 

X-axis is time, and y axis is the cell number. Each curve is one experimental measurement, 

indicating how cell number increases with time during the development of that one C.elegans.  
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Variable in the datasets are defined as below:  

c: cell. A cell is a specific node on the lineage tree, like “E”, “AB” . There are 1053 cells on the 

lineage tree. Most of the time, we only focused on the 526 mother cells. 

m: measurement. Each measurement is one lineage tree for an embryo, with the gene expression, 

cell cycle time and three-dimensional localization of nucleus for each cell on the lineage tree been 

measured. There are 195 measurements we used. Each measurement has one gene’s expression 

dynamics measured. In total, there are 112 different genes been measured since some 

measurements observed same gene. 

t: time. In each measurement, a cell c got birth at t_start(c,m), moves around and divides at 

t_end(c,m). 

2. Cell cycle: proportional scaling on the lineage tree 

Each measurement generates a lineage tree. The mother-daughter relation of the lineage is 

invariant, yet the duration of existence for each cell (i.e. the cell cycle length) varies. The cell 

cycle length for cell c at measurement m is recorded as clen(c,m)=t_end(c,m)-t_start(c,m). 

Our analysis revealed that the correlation of clen(c,m) between different measurements is 

extremely strong, mostly beyond 0.95 (Figure 8A. There are only 3 measurements having average 

correlation with all other measurements smaller than  0.95 is not included in further analysis). 

Further analysis revealed that it is because clen(c,m) is linearly scaled by the total development 

length in measurement m (Figure 8B)., with an average correlation coefficient larger than 0.9 . 

Therefore, for each cell c on the lineage tree, there is a “standard” cell cycle length, which is the 

average cell cycle length over measurements:  퐶푙푒푛 (푐) = ∑ ( , ). For the cycle 

length of cell c in different measurements, clen(c,m) equals to the standard length multiplied by a 

measurement specific factor 푓(푚) (Figure 8B):  

푐푙푒푛(푐, 푚) = 퐶푙푒푛 (푐) ∗ 푓(푚) 
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Each measurement m has a single factor f(m), suggesting that the lineage tree is always 

proportionally stretched or squeezed.  This linear stretching can explain the interesting relation 

between mean and variance in cell cycle length: for each cell, the variance of its cell cycle length 

among different measurements ( 푉푎푟(푐) = ∑ 푐푙푒푛(푐, 푚) − 퐶푙푒푛 (푐) )  scales 

with the square of the average length 퐶푙푒푛 (푐). (Figure 8C). In most biological 

experiment, variance scales linearly with the mean. This square relation implies that the noise in 

cell cycle length is not generated by random Poisson distribution. The cell cycle length between 

different cells are highly correlated , yet sibling or mother/daughter cells does not correlate better 

than distant cells on the lineage tree (Figure 8D). This result suggests the cell cycles in C.elegans 

is either controlled by a master regulator. 

For example, an hypothetic integration model can well explain the observed phenomena. Assume 

for each cell there is a threshold 푇(푐) for initiating cell cycle, and an hypothetic protein (the 

master regulator) accumulating/integrating in a constant rate 퐴(푚) in each embryo, whose is reset 

to zero after each division. Then, the cell cycle time for cell c in measurement m is:   

푐푙푒푛(푐, 푚) = 푇(푐)/퐴(푚) 

 Under this condition, when 퐴(푚) changes, all cells in the same measurement changes 

proportionally with 1/퐴(푚); The variation of cell cycle length for the same cell among different 

measurement comes from the initial accumulation rate 퐴(푚), which is determined the initial 

condition of the embryo like ribosome number. Previous research proposed that integration might 

be a robust design strategy for decision making on cell cycle progression (Yang et al., 2013).  It 

would be interesting to test if similar mechanism is controlling the cell cycle timing in C.elegans 

embryo.  

We use the rounded number of 퐶푙푒푛 (푐) as the standard cell cycle length for all analysis 

thereafter. It roughly agree with Sulston’s cell cycle length obtained in 1983, which is still used as 
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the gold standard (Figure 8F). Moreover, our data contains 195 worms and the distribution would 

be a better .  
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Figure 8. The cell cycle length scaling in the data 

 

A. the Pearson correlation of cell cycle length between different measurement. B. some examples 

on how the cell cycle lengths for specific cell (Ea: blue, Cap: green, ABalp:yellow, MSp: red) in 

different measurement scale with the total development duration in the corresponding embryos. C. 

some examples on how the cell cycle lengths of all cells in specific measurements (m=61: blue, 

m=81: yellow, m=190:red) correlate with the standard cell cycle length. D. fit the mean of cell 

cycle length with the variance of cell cycle length by a square curve. E. how the correlation of 

cell cycle length between different cells changes with the lineage distance (blue), and how the 

correlation of gene expression between different cells changes with the lineage distance  (red). F. 

our standard cell cycle length compare to the Sulston’s standard cycle length.  

  



38 
 

3. Gene expression: Trajectories on the epigenetic landscape, lineage specifiers and 

mutual constrains between genes 

We defined cell fates by the gene expression profile of the cell. In order to acquire a global view 

of the collective fate decisions during embryogenesis and understand the underlining gene 

regulatory mechanism, we devoted large amount of efforts in quantifying and analyzing the gene 

expression over all measurements. 

More variable definitions.  

G: gene expression level. G(m,c,t) is the expression of the gene in the measurement m, for cell c 

at time t.  

 Processing of the raw data: 

The raw data we obtained from EPIC database is the florescence intensity of the fused protein. 

For each worm m, there is an sequence of florescent intensity for the transcription factor of 

interest for every cell c at each minute t: F(m,c,t). We did two steps to process it into the gene 

expression levels we used thereafter: first, we normalized F(m,c,t) by the maximum and 

minimum value during the whole measurement m: 

퐺(푚, 푐, 푡) =
퐹(푚, 푐, 푡) − min

,
(퐹(푚, 푐, 푡))

max
,

(퐹(푚, 푐, 푡)) − min
,

(퐹(푚, 푐, 푡))
 

Second, we used linear interpolation to get the “standard” gene expression time course on the 

standard cell cycle timing 퐶푙푒푛 (푐) . Because each measurement can only carry one 

gene’s expression dynamics, we put the expression of each gene into same time scale in order to 

combine and compare their expression dynamics. Also, we computed the 퐺(푚, 푐) as the time-

average of gene expression in the cell c : 퐺(푚, 푐) =
∑ ( , , )( , )

( , )

( , ) ( , )
 . 

Measurements end in different time, leaving some cells in the lower part of the lineage tree an 

incomplete array of gene expression. For that case, we assume the 퐺(푚, 푐) of the daughter 

inherited that of the mother cell.  An overview of the gene expression level is shown in Figure 9A.  
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Together, there are 195 measurements and 112 transcription factors. Some transcription factors 

has more than one repeats (Figure 9B). These repeats basically agrees with each other, as most 

repeats have a correlation coefficient larger than 0.8 (Figure 9C).  

  



40 
 

Figure 9. Overview of the gene expression data 

 

A. the average gene expression data in each cells. Color indicate the expression level. X-axis is 

arranged by cell-ID, and y axis is arranged by gene-ID. B: the distribution for the number of 

repeats for each gene. C: the distribution for the gene expression correlation, for genes with more 

than one repeats.  
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 Clustering Pattern and Trajectories in the gene expression space 

We first investigated the overall pattern on the high dimensional gene expression space.   

Starting from a cell c and following the division of all its descendants, multiple dynamical 

trajectories are formed in the gene expression space. Projecting these trajectories on Principle 

Component Axis (PCA) reveals interesting dynamic patterns (Figure 10).  Many of the these 

trajectories, like that starting from EMS cell (Figure 10A) and ABpl cell (Figure 10B), show clear 

binary split.  However, other divisions, especially that of AB cell (Figure 10C) and ABpla cell 

(Figure 10D), give out “firework-like”  trajectories.  

  



42 
 

Figure 10. Examples of PCA projections of gene expression data for certain divisions  

 

The PCA projection for expression profile of cells descending from EMS cell (A), ABpl cell (B), 

AB cell (C), and ABpla cell (D). Colors indicate different final leaf cells.  
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The distance of gene expression profile on leaf cells (leaf cell are defined as cells don’t have a 

daughter cell in the dataset) aligned alone the lineage tree are shown in Figure 11. As a overall 

view, one can see that in some part of the lineage, like several P1 descendants EMS, D, Ca/p and 

MSa/p, gene expressions show clear pattern of cluttering along the lineage tree. In other lineages 

like AB, the clustering of gene expression became vague along the lineage tree.  
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Figure 11. Distance of gene expression profile on leaf cells 

 

Color indicate the distance on gene expression profile between cells. Red color indicate cell pairs 

with very different expression profiles, and blue indicate similar gene expression. Leaf cells are 

not clustered according to expression, but arranged by their lineage position. 
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We quantified how lineage structure correlate with gene expression in each division with at least 

4 granddaughters, and divide them into 4 classes (Figure 12). As shown in Figure 12, in the first 

class the gene expression of one cell is most similar to its sister cell, and thereby the gene 

expression distance can well resemble the  lineage structure (Figure 12A). Most of the divisions, 

for example, EMS, falls into this class (66% in AB descendants, 78% in P1 descendants).  In the 

second class, one of the granddaughter become very different in gene expression, while the 

expression profiles of the three other granddaughters still maintain the lineage structure (Figure 

12B). One such example is P1 division, where the granddaughter E cell has a larger distance with 

MS than that of MS to C and P2.  A hierarchical clustering on gene expression can still resemble 

the correct lineage structure (happen in 15% frequency in both AB descendants and P1 

descendants). The third class, like MS and C division,  represent a “chessboard-like” expression 

structure, where the two daughter cells don’t differentiate from each other and therefore the 

granddaughters are more closer to their first cousin in their gene expressions (Figure 12C). There 

are only 6 divisions falls into this class ( ABp, MS, C, ABalppaa, ABarppaa, ABplaapa). In the 

fourth class, like  ABa division, hierarchical clustering on gene expression does not resemble the 

lineage structure (Figure 12D). 20% divisions in AB descendants and 6% divisions in P1 

descendants falls into this class.  Again, this result shows that the Waddington-like landscape are 

not always valid during development, and extra attention should be applied to previous research 

where the clustering on gene expression are used for resembling the lineage structure of 

differentiation.  
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Figure 12. Four clusters of gene expression distance patterns 

 

Heatmaps in the first row are one part of Figure 11, the distance of gene expression between each 

pairs of leaf cells descending from one cell (A: EMS cell, B: P2 cell; C: MS cell, D: ABa cell); 

Heatmaps in the second row are the average distance for the four granddaughters of one root cell 

(A: EMS cell, B: P2 cell; C: MS cell, D: ABa cell) based on their leaf cells’ expression profiles.  

The lineage structures from the root till the four  granddaughters are shown in black below the 

first row of heatmap. The hierarchical clustering of these four cells based on their average 

expression distance are shown in red-blue-green cluster above the second row of heatmaps.  
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Define Lineage specificiers. 

Clustering based on gene expression profiles are affected by the number of genes been measured. 

In order to gain a clearer view on the cell fate decision process during development, and to reduce 

the dimension of gene expression space, we define the “lineage specifiers” for each division as 

following:  for a cell division where cell c divide into c1 and c2, c1 and c2 form two daughter-

lineages Desc(c1) and Desc(c2). The expressions of gene g in these two daughter-lineages at time 

t are scored by Student’s t-test 푆푇푠푐표푟푒(푔, 푐, 푡) to indicate how well one can separate the two 

daughter-lineages merely by measuring the expression of g at time t.   

푆푇푠푐표푟푒(푔, 푐, 푡) =
퐺푒푛푒퐸푥푝(푔, 퐷푒푠푐(푐1), 푡) − 퐺푒푛푒퐸푥푝(푔, 퐷푒푠푐(푐1), 푡)

푠1
푛1 + 푠2

푛2

 

(푠  is the variance of 퐺푒푛푒퐸푥푝(푔, 퐷푒푠푐(푐푖), 푡)) 

If the max 푆푇푠푐표푟푒(푔, 푐, 푡) is larger than a threshold, we define gene g  as a lineage specifier for 

division c. The time for 푆푇푠푐표푟푒(푔, 푐, 푡) to monotonically increase is quantified as 푇표푛(푐, 푔) to 

represent the time gene g start to diverge the fates of two sister lineages. As shown in Figure 13B 

and Figure 13C, a lineage specifier may differentiate the leaf cell expressions for two daughter 

lineages,  or differentiate the two daughter lineages in certain time period. 
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Figure 13. The definition of lineage specifier genes 

 

A. a lineage tree where cell c give birth to cell c1 and c2. c1 and c2 continue to divide and form 

their own lineage. B and C are two examples of lineage specifiering genes, showing the 

expression time-course of hnd-1(B)  or tbx-38(C) in each individual cell starting from MSp (B) or 

AB (C). Each cell forms one curve. Blue and green color indicates if the cell belongs to the c1 or 

c2 descendant lineage. Red line is the time for the gene to differentiate its expression in two 

daughter lineages, or, time for the fate decision to start on this gene. 
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The statistics for lineage specifiers are shown in Figure 14. 93% of the genes acts as lineage 

specifiers at least once in one of its measurements (Figure 14A), and 67 % of them act on more 

than one divisions (Figure 14B). Though the total number of measured gene is over hundreds, 

most of divisions only possess no more than two lineage specifies. Support vector machine (SVM) 

analysis also indicates that if the leaf cells from two sister-sublineages can be clearly separated, 

this separation usually happen on low dimensions (Figure 14C). These result are consistent with 

previous hypothesis, that cell fate decisions have limited number of “drivers” regardless of its 

complexity. It also allows significant dimension reduction in further analysis. Our following 

discussions will be primarily based on the lineage specifiers.  
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Figure 14. Statistics for the properties of lineage specifiers 

 

A: the distribution for the number of lineage specifiers acting on per cell division. B: the 

distribution for the number of divisions per gene involved in as a lineage specifier. C: according 

to the SVM, the minimal number of genes needed to separate the expression profile of two 

daughter lineages from one division.  
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 Properties of the lineage specifiers 

Timing of turning ON for lineage specifiers: Fate decisions of daughter cells of c can be indicated 

by the first lineage specifier genes for c (genes with minimal 푇표푛(푐, 푔) for c). We call the 

differentiation of this gene “lineage specifying event”. We found that most of the min 푇표푛(푐, 푔) 

are significantly delayed: when the earliest lineage specifier of c start to diverge its expressions in 

two daughter sub-lineages, the two sub-lineages usually divided again already, making the fate 

decision seems not happen in c’s daughter but its granddaughter or even later. From the Figure 

15A, one can see that when a lineage spcifier for c start to diverge, usually the four granddaughter 

of c already appear. Nevertheless, the min 푇표푛(푐, 푔)  for cell c linearly correlates with the 

division time of c (time for c disappearing into two daughters) with a slop nearly 1, suggesting 

that the lineage specifiers are indeed a reasonable indicators of fate split between sister lineages, 

and they are all delayed for about 50 mins (Figure 15B). 

This delay has been discussed in the original paper and is probably due to the maturation time of 

florescence proteins. Since the signal from all genes are more or less equally delayed, we still 

take the assumption that fate decisions diverging gene expressions between two daughter sub-

lineages actually happen at the daughter cells of c, not later. And the dynamics of genes may be 

informative.   

As shown in Figure 15, the lineage specifying event time (min 푇표푛(푐, 푔))  correlate well with 

the cell division time, which means the fate decisions made by the ancestor cells happen before 

the fate decisions of the descendant cells. However, there are exceptions. Table 3 below shows 

divisions where the lineage specifies of descendants cells take effect earlier than that of the 

ancestral cells.  

These exceptions might be due to that the real lineage spcifiers for the ancestor fate decisions are 

not yet observed in experiment, or there are systematic timing errors in some of the measurements. 

However, all these timing exceptions happen in AB lineage (one example shown in Figure 16), 
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where we already show in previous section that many trajectories there follows "firework-like" 

structure instead of "Waddington landscape".  Therefore, these timing exceptions might be real, 

and indicate an important phenomena in AB lineage: directions of the ancestral fate decisions 

does not constrain the fate choices in the descendants, a character of the "maximizing cell fate" 

strategy we discussed before. 
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Figure 15. The delayed onset of lineage specifying gene comparing to cell division 

 

A: distribution for the number of descendant cells one division produces when the first lineage 

specifying event happen. B: the correlation between the time of cell division, and the first lineage 

specifying event happen for this division.  
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Table 3. Pairs of fate decisions where the lineage specifying events of the ancestral cell 

happens later than that of the descendant cells 

Ancestor 

division 

First lineage 

specifier 

Decision 

time 

Descendant 

division 

First lineage 

specifier 

Decision 

time 

AB tbx-38 74 ABp sdz-38 71 

AB tbx-38 74 ABal hlh-26 67 

AB tbx-38 74 ABar F38C2.7 72 

ABp sdz-38 71 ABpl hlh-26 64 

ABarp elt-6 102 ABarpa glp-1 101 

ABprp elt-6 123 ABprpa pes-1 95 

ABprp elt-6 123 ABprpp tbx-11 98 

ABalpp ceh-43 113 ABalppa tbx-38 102 

ABplap irx-1 110 ABplapp B0310.2 110 

ABprap tbx-11 94 ABprapp F28C6.1 92 

ABprapap ceh-16 177 ABprapapp egl-27.b 175 
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Figure 16. An example for the lineage specifying events of the ancestral cell happens later 

than that of the descendant cells  

  

Colors indicate the gene expression level of cells belonging to different daughter lineages. The 

earliest fate decision events for AB division is the differentiation on tbx-38, which happens later 

than the differentiation of sdz-38 in ABp division and hlh-26 in ABal division.   
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 Binarization of the gene expression:  

Since the time of cell division is well correlated with 푇표푛(푐, 푔) for lineage specifiers for that 

division, it is reasonable to assume that the actual expression of lineage specifers are turned ON 

in one of the daughters of c. Therefore, we can binarize the expression level of all genes into ON 

or OFF states according to their absolute expression levels (higher than 0.2 is considered ON) 

and its lineage specifying behavior (if g acts as lineage specifier for division c and c give rise to 

daughter c1 and c2, and g is higher in the branch c1, then g is ON in all the descendants of c1). 

Examples are shown in Figure 17B.  

This binarization facilities further modeling. After binarization, the raw gene expression profile in 

the leaf cells correlates well with the binarizaed gene expression file, as shown in Figure 17A and 

Figure 17 C-D.   
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Figure 17. The binarization of gene expression 

 

A: the correlation of two gene expression distances. X-axis is the distance based on continuous 

expression profiles, and y-axis is the distance based on the binarized gene expression profile. B: 

examples of binarization for gene hlh-1, pha-4 and tbx-38. For these three heat maps, the first row 

is the continuous expression and the second row is the Boolean expression. C and D are the heat-

map of distances between leaf cells based on raw gene expression profile (C) and Boolean 

expression profile (D). Leaf cells are arranged by the lineage tree like that in Figure 17.  
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 Lineage specifiers in hierarchical divisions: two strategies of making multi-call 

organisms.  

As the next step, we quantified how ancestral fate decisions constrain the fate choices in 

descendant cells. 

Among any pair of lineage specifiers (i,j), 32% of them are “hierarchical”, meaning that fate 

decisions on gene i always happen at least one generation earlier/later than the decisions on gene 

j . These hierarchical  gene pairs fall into three classes, as demonstrated in Figure:  the first class 

is a “ON constrained”, where the fate decision on gene j only happens when gene i  is ON (Figure 

18 B); the second class is a “OFF constrained”, where the fate decision on gene j only happens 

when gene i  is OFF (Figure 18 B);. The third class is the “unconstrained” , where the fate 

decision on gene j happens regardless of the statues of gene i (Figure 18 A);.  

These three clusters of hierarchical fate decisions patterns occur in different frequencies in AB 

and P1 lineages, as shown in Table 4. In considering both “first specifier” and all specifiers, AB 

lineage always possess a higher frequency of the “unconstrained” hierarchical fate decisions than 

P1 lineages. 
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Figure 18. Example for the relation between lineage specifiers acting in hierarchical 

divisions 

 

A: the expression level of lineage specifiers for AB (tbx-37) and that for AB’s daughters ABp 

(hlh-26) and ABa (elt-6) in the leaf cells of AB. B: the expression level of lineage specifiers for 

P2 (med-2) and that for P2’s daughters EMS (end-1) and P2 (cwn-1) in the leaf cells of P2.  All 

Cells are arranged by their position on the lineage tree. Color indicate the level of expression. 
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Table 4. The ratio for the tree clusters of hierarchical fate decisions happening in AB and 

P1 lineage cells  

Consider the first specifier for each division. 

 AB lineage P1 lineage 

Cluster I: ON constrained  0.09 0.28 

Cluster II: OFF constrained 0.08 0.16 

Cluster III: no constrain 0.83 0.56 

 

Consider all specifiers for each division 

 AB lineage P1 lineage 

Cluster I: ON constrained  0.15 0.20 

Cluster II: OFF constrained 0.10 0.22 

Cluster III: no constrain 0.75 0.58 
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 Lineage specifiers counter-interacting in same division : mutual-inhibition pattern  

Among any pair of lineage specifiers (i,j), 21% of them ever act together for a same division 

events. Among these pairs, 44% of them ever act in opposite direction: when cell c give rise to 

daughter c1 and c2, 푔  highly expressed in the descendants of c1 but not that of c2, while 푔  

highly expressed in the descendants of c2 but not that of c1.  

As an example, elt-1 and hlh-1 both acts as lineage specifiers for Cp division. As shown in Figure 

19A,  Elt-1 turns on  in Cpa lineage, while hlh-1 turns on in Cpp lineage in almost the same time. 

Despite both genes are turns on outside of Cp, their expressions are mutually exclusive 

throughout development for all cells (Figure 19B).  

This kind of mutual exclusive expression pattern are characteristic in the mutual-inhibitory gene 

regulation motif (Figure 19C).  Mutual inhibition has been proposed as a common regulatory 

motifs in fate decisions during development and differentiation. In order to see if this mutual-

exclusive expression pattern is related to the counter-interacting lineage specifiers, we calculated  

the Pearson correlation of expression level in leaf cells between all pairs of genes (Figure 19D), 

and genes that ever acts oppositely in at least one cell division.  The distribution of Pearson 

correlation in once-oppositely-acting  genes is apparently different and showed two peaks. One of 

the peaks locates in negative correlation region, and possibly represent genes pairs that have 

mutual inhibitory regulations. 
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Figure 19. The mutual-inhibition pattern for lineage specifiers counter-interacting in same 

division 

 

A: the expression level of hlh-1 and elt-1 in the descendants of Cp cell. Each curve is the time-

course of the gene expression in one cell. Color indicate the gene expression level of cells 

belonging to Cpa(blue) ad Cpp (green) daughter lineages. B: the expression level of hlh-1 vs. elt-

1 in all cells of the embryo. Color indicates cells descending from different founder cells. C: a 

illustration of the mutual-inhibitory motif. D: the Pearson correlation of gene expressions in the 

leaf cells, for all genes (upper panel) and genes that once acting oppositely in a same cell division 

(lower panel).   
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4. Cell-Cell contact: the possible signaling contacts Developed methods  

Cell-cell signaling by local contacts are known to play important role in several fate decision 

events in C.elegans. Also, the signatures in gene expression space hint that the “maximizing cell 

type” strategies are utilized at least in part of the AB lineage,  therefore signals more than A-P 

polarity are required. The image data we obtained specifies the 3-D location of cell nucleus at 

each time point for each embryo, yet it does not contain the cell contact information. In order to 

study the cell-cell signaling, I aligned all embryos, and performed Voronoi Segmentation to each 

embryo at every time point. The resulting statistics of cell-cell contact map revealed something 

amazing. As a brief summary, the cell locations among different embryos are about 10% variation 

from the standard location 푋(푐). Most of the cell-cell contacts resulted from Voronoi 

segmentations are non-robust.  Biologically important signaling events should be contained by 

these robust contacts.  The robustness of cell-cell contacts has a positive relation with the 

contact’s average area and duration, and the cells’ spatial correlation Corr_meanloc. It also 

negatively correlate with the relative distance between cells’ standard locations. The higher 

robustness of real biological data is mainly contributed by the cells’ standard location in early 

developmental stage, and the cells’ collective movement in later stage. 

My methods and variable definitions are listed below. 

 Variable definition 

X: three-dimensional localization vector. The three-dimensional location vector for cell c in 

measurement m at time t is: 푋(푐, 푚, 푡). Average it over time leads to the time-average location 

푋(푐, 푚) for cell c and measurement m: 푋(푐, 푚) =
∑ ( , , )( )

( )

( ) ( )
. The “standard” location for 

each cell c is the average though time and measurement: 푋(푐) = ∗ ∑ 푋(푐, 푚). 

퐸푑 and 푅_퐸푑: 퐸푑 is the Euclidean distance between the standard locations between cell c1 and 

cell c2: 퐸푑(푐1, 푐2) = ‖푋(푐1) − 푋(푐2)‖, 푅_퐸푑 is the relative distance normalized by the 

maximal distance towards c1:  푅_퐸푑(푐1, 푐2) = 퐸푑(푐1, 푐2)/max (퐸푑(푐1, : ))  
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Corr_meanloc: the correlation between cell c1 and c2’s time-average locations among different 

measurements:  퐶표푟푟 (푐1, 푐2) =
∑ ( , ) ( ) ∗( ( , ) ( ))

∑ ( , ) ( ) ∑ ( , ) ( )
.  

Variables special for Voronoi segmentation:  

휎 , :  If c1 and c2 never co-exist in the same time frame (for example, they are mother and 

daughter)  throughout the measurement, 휎 , (푚) = −1; If the two cells ever co-existed, this 

quantity is 1 if two cells ever contact, and is 0 if they coexist but never contact. 

푃푐표푛푡푎푐푡: Probability for cell c1 and c2 to contact among different measurements. 

푃푐표푛푡푎푐푡(푐1, 푐2) = ∑ ( , ( ) )
∑ ( , ( )! )

 

퐴푐표푛푡푎푐푡: the average contact area between c1 and c2. It is normalized by the maximal area at 

that cell number stage. 

푇푐표푛푡푎푐푡: the average contact time between c1 and c2. 

we also computed the correlation scores of the time-average locations between each pair of cells: 

퐶표푟푟 (푐1, 푐2) =
∑ 푋(푐1, 푚) − 푋(푐1) ∗ (푋(푐2, 푚) − 푋(푐2))

∑ 푋(푐1, 푚) − 푋(푐1) ∑ 푋(푐2, 푚) − 푋(푐2)
 

 

 Methods description 

Embryo Alignment: By panning,  rotation  and zooming, we minimized the average three-

dimensional Euclidean distance between each measurement with the reference measurement 

( The measure id: “20090812_C05D10_1b_3_L1” has large number of total cells (908 cells), and 

a small average Euclidean distance with all other measurements (distance=2.8). This 

measurement is chosen as the reference). These operations do not change the relative positions of 

cells within each measurement. After the alignment, the three-dimensional location vector for cell 

c in measurement m at time t is: 푋(푐, 푚, 푡). 
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Voronoi Segmentation: We used Voronoi Segmentation to estimate the cell-cell contacts (as 

shown in Figure 20), with the following steps: 1. For each measurement, a unique shell 

approximately the size of the whole embryo  is constructed. It envelops all nucleus for this 

measurement.  2. For this specific measurement, in each time point, Voronoi segmentation is 

performed within the shell.  3. If two nucleus share a surface and the surface area is larger than a 

threshold (set to be 1), then we record that these two cells contact each other, at this specific 

measurement and this specific time.   

Null Model Construction: In order to compare to above experimental data, we also constructed 

ensembles of spatial models as the null. For each null ensemble, N centers (퐍 = ퟐ퐧, n range from 

2 to 8) are generated within a shell. The center locations are random generated, or select from the 

snap shoots of one of the real measurements. Each ensemble contains 195 spatial models with N 

cells, with the cell locations 1%, 5%, 10% and 20% deviate from the centers (Set the percentage 

of variation as p, the range of the shell in the i-th dimension as r , the center location as C  , a 

random number ranges from -0.5 to 5 as rand,  then, the i-th dimension of a random location is 

set as: C + p ∗ r ∗ rand).  
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Figure 20. A demonstration of the Voronoi Segmentation 

 

A: the shell constructed for measurement 1; B: the Voronoi Segmentation for time point 1. Black 

dots are the experimentally measured localization of nucleus. Colored convex hulls are results of 

the segmentation, which approximate the shape of the cells. Nucleus connected by blue line share 

a surface (encircled by cyan curves) of their convex hulls, therefore this surface area is set to their 

contact area.  C: the Voronoi Segmentation for time point 200. 
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 Overall results from embryo alignment and segmentation  

1. Overview the alignment results. 

The whole embryo is in [50,35,30] um scale. Based on the aligned embryos, the cell locations from 

different measurement can be compared directly. In each measurement, a cell c got birth at t_start(c), 

moves around and divides at t_end(c). The time-average location of the cell c in measurement m is: 

푋(푐, 푚) =
∑ ( , , )( )

( )

( ) ( )
. The mean location among all measurements for cell c on this time-average 

position is 푋(푐) = ∗ ∑ 푋(푐, 푚). We call this 푋(푐) the “standard” location for cell c. On average, a 

cell moves ~2.2 um in time (Figure 21A), and its time-average is ~2 um from 푋(푐) (Figure 21B).  (The 

average distance a cell travels in time is defined as:  퐷(푐, 푚) = ( ) ( ) ∗ ∑ ‖푋(푐, 푚, 푡) −( )
( )

푋(푐, 푚)‖, The distance a cell from its center is defined as: 퐷(푐) = ∗ ∑ ‖푋(푐, 푚) − 푋(푐)‖푚 ) . 

It’s about 10% of the variation relative to the embryo size (Figure 21 C is a demonstration).  
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Figure 21. Alignment of the embryos  

 

A. the distribution of the average distances between one cell’s position to it’s time-average 

location in each measurement. B. the distribution of the average distances between a cell’s time-

average location in one measurement and it’s mean center among all measurements. C. the 

superposition of the time-average locations. Dots with same color are the locations for the same 

cell in different measurements. 
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2. Overview of the segmentation results. 

We designed an interactive webgl page for all cell segmentation : http://bio.catofes.com/ 

 How number and areas change with developmental stage 

The number of contacts per cell per time frame increases as the development progresses 

(Figure 22 A), and the area decreases (Figure 22 B). These properties are identical to that of 

the null model. 
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Figure 22. How the contact number and areas change with developmental stage  

 

A. the number of contacts per cell per time point, as a function of the developmental stage 

(represented by the total number of cells in the embryo). B: the area of each contact surface 

as a function of the developmental stage. 
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 Contact Area Distribution  

The area of shared surface of convex hulls resulted from Voronoi Segmentation has a 

distribution shown in Figure 23; As the contact area decreases with developmental stage, we 

also computed the normalized contact area by the maximal area at each time point. Their 

distribution are shown in Figure 23 below. Area>1 is used as the cut-off: all contacts with 

area smaller than one are discarded. 
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Figure 23. The distribution of contact area 

 

A. the distribution of the areas for all contacts, in log10 scale. B. the distribution of 

normalized areas for all contacts. In each measurement and each time point, areas are 

normalized by the maximal area exist in that specific time point. 
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 Robustness of contacts 

We use 휎 , (푚, 푡) to indicate if two cells c1 and c2 contact with each other in 

measurement m at time t : if they share a surface with area larger than 1, 휎 , (푚, 푡) =

1  , or else, 휎 , (푚, 푡) = 0. 

휎 , (푚) is used to specify the contact condition between cell c1 and c2 within one 

measurement m: if c1 and c2 never co-exist in the same time frame (for example, they are 

mother and daughter)  throughout the measurement, 휎 , (푚) = −1; If the two cells 

ever co-existed, we set 휎 , (푚) = min 1, ∑ 휎 , (푚, 푡) . This quantity is 1 if two 

cells ever contact, and 0 if they coexist but never contact. 

To check if c1 and c2 always contact each other among different measurements, we 

compute their co-exist number Ncoexist, contact number Ncontact and contact probability 

Pcontact:  

푁푐표푒푥푖푠푡(푐1, 푐2) = (휎 , (푚)! = −1) 

푁푐표푛푡푎푐푡(푐1, 푐2) = (휎 , (푚) == 1) 

푃푐표푛푡푎푐푡(푐1, 푐2) =
푁푐표푛푡푎푐푡(푐1, 푐2)
푁푐표푒푥푖푠푡(푐1, 푐2)  

 

Contacts with Ncoexist<10 is discard due to small sampling number.  

Only ~15% of contacts has a contact probability higher than 0.9 and 19% contacts has 

probability higher than 0.8 (Figure 24).  
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Figure 24. The distribution of contact probability   

 

The distribution of 푃푐표푛푡푎푐푡.  Contacts with ( # of measurements where two cell co-exist) <10 is 

discarded. 
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As has been discussed, the cell locations in experiments has ~10% variation. Two null models 

with the same percentage of variation has much less robust contacts. Their contact probability is 

shown in Figure 25 below. In the null model with random center positions, only 0.4% contacts 

has 푃푐표푛푡푎푐푡 > 0.9, and 5% contacts has 푃푐표푛푡푎푐푡 >0.76; In the null model with biological 

center positions, only 1% contacts has 푃푐표푛푡푎푐푡 >0.9, and 5% contacts has 푃푐표푛푡푎푐푡 > 0.77.  
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Figure 25. The distribution of contact probability in two kinds of Null models 

 

The center locations are based on random points (A) and biological standard locations (B). Each 

are with 10% variation from the central points. 
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This observation suggests that the spatial contacts of real embryo is more robust than 

random. Using p-value<5% as the cut-off, contacts with probability>0.8 are highly likely 

to be functional.  Other 81% of cell-cell contacts are not robust among measurements, 

and may or may not exist during development. As worms in all measurements develop 

normally, these non-robust contacts therefore might not play important roles for cell fate 

determination.  

We checked several biologically known important cell-cell contacts, like P2-AB, MS-

ABalp, P2-E, and they all are highly robust with Pcontact equal to 1. 

As shown in Figure 26, The percentage of robust contacts (defined as Pcontact>0.8) 

decrease as the cell number increases, in both real and the null models. Under all cell 

number stage, the real model is more robust than the null model with random centers; 

After 64 cell stage, the real model is more robust than the null model with biological 

centers. Therefore, the robustness in real model is provided by the cell arrangement in the 

early developmental stage. In a later stage with more than 64 cells,  other factors may 

contribute to the robustness. 
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Figure 26. The relation between the ratio of robust contacts and developmental stages 

 

Black curve show how the ratio of robust contacts decreases as the development progresses. Red 

and blue curves are from the null model with random centers and biological centers, respectively.  
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The correlation of the time-average locations between cells counts for 70% of the robust 

contacts.(Figure 27 C)  

We computed the average area Acontact(c1,c2) and average minutes Tcontact(c1,c2) for each 

contacts . Statistically, contacts with longer minutes and larger area have higher Pcontact. (Figure 

27A-B) 

We also computed the pair-wise Euclidean distance Ed(c1,c2) between each pair of cells based on 

their standard localization 푋(푐), 퐸푑(푐1, 푐2) = ‖푋(푐1) − 푋(푐2)‖, and the relative distance 

푅_퐸푑(푐1, 푐2) = 퐸푑(푐1, 푐2)/max (퐸푑(푐1, : )). The relative distance also negatively correlates 

with contact probability. (Figure 27 D) 

A voronoi segmentation was also performed based on the standard location 푋(푐). Most (72%) of 

the contacts appeared in this “standard segmentation” have 푃푐표푛푡푎푐푡 > 0.8. (Figure 27 E) 

In summary, in order to determine if cell c1 signals to c2, we can use six spatial information:  

1. the Voronoi contact probability Pcontact,  

2. the average Voronoi contact area Acontact ,  

3. the average Voronoi contact time Tcontact,  

4. the correlation between cells’ mean locations 퐶표푟푟 ,  

5. the Euclidean distance between cells’ standard locations 퐸푑 and 푅_퐸푑,  

6. the  Voronoi contact based on the standard locations.   

These six qualities are all correlated, but don’t have a one-to-one relation (Figure 8). Though 

robust contacts may indicate important cell-cell contacts,  all these information need to be 

cooperated for a complete understanding of cell signaling process. 
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Figure 27. Correlation between spatial qualities from segmentation  

 

A-D, y axis is the 푃푐표푛푡푎푐푡 , and the x axis are: Acontact, Tcontact, 퐶표푟푟  and 푅_퐸푑. 

Bars show the distribution of qualities on the x-axis. E is the distribution of 푃푐표푛푡푎푐푡 for 

contacts appeared in the “standard” model. 
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 Examples of cell-cell signaling events identified by segmentation 

The question that if cell-cell contacts are conserved, has been debated for a long time (Amat et al., 

2014). With the spatial information and statistics obtained from the above analysis,  we tried 

further to identify contact that might actually send signals. Our basic assumption in identifying 

signaling contact is: if cell 푐  is to send a signal to cell c1 to make it distinctive from its sister c2, 

then 푐  should robustly contact c1 and weakly contact c2.  

Six events on cell signaling and fate decisions in C.elegans have been intensively studied. All but 

one of these existed events are consistent with our hypothesis. The five consistent events are 

listed below:  

1. P2 signals to ABp:  

Known from previous experiments: AB cell has two daughters, ABa and ABp.  Their descendants 

have very different fates, both in the level of gene expression (Figure 27 A-B) and cell type 

formed (Table 1).  According to the previous experiments, P2 is the signaling cell for ABa/ABp 

specification: GLP-1 and APX-1 are a pair of membrane proteins in the Notch pathway. GLP-1 

protein is expressed on both Aba and ABp cells, while APX-1 is expressed on P21.  

According to the spatial analysis we performed: P2 always contacts with ABp but never ABa 

(Figure 27D). Pcontact(P2,ABp)=1 while Pcontact(P2,ABa)=0; This is very consistent with the 

known role of P2. 
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Figure 28. Cell-cell signaling induced specification between ABa and ABp 

 

A: the time course for expression of a gene named tbx-37 between ABa(red) and ABp (blue) 

descendants. B: the PCA projection of ABa and ABp leaf cells; C: The Voronoi Segmentation for 

the 4-cell stage embryo; D: the Pcontact for embryos up to 4-cell stage based on the Voronoi 

Segmentation.  
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2. P2 signals to EMS 

Known from previous experiments: the EMS cell divide into E and MS. E exclusively forms 

intestinal cells, while MS forms mostly muscle cells and gonad cells, with some of neurons. 

Ablating P2 cells cancels intestinal fate, leaving two MS fate cells. It is known that P2 specify the 

E fate by Wnt signaling pathway that induces polarity in EMS cell.  

From the gene expression data:  the earliest lineage specifying event happens at 86 minute, when 

gene end-1 start its transcription in E but not MS (Figure 28 B). There should be a cause to make 

E and MS lineage different, and without polarity set by P-grannules, the cause is likely to be the 

contacts from some signaling cells before the time 86. At time 86, EMS lineage already have 12 

cells. Therefore, possible “signaling cell” may directly contact E cell or MS cell to endow them 

distinctive fate, or all the E descendants /MS descendants up till their 12 cell stage.   

Before time 86, outside of the EMS lineage there are 139 cells that once contact the EMS 

descendants. As shown in Figure 28A, most of the 139 cells randomly contacts with EMS 

descendants. Only P2 and P3 exclusively contact with E cell but seldom MS lineage, and several 

AB descendants exclusively contact with the MS lineage. However, it is known experimentally 

that removing AB cell won’t influence the specification of MS and E. Therefore, P2 or P3 is the 

“casual cell” to setup different fates of E and MS cells, which is very consistent with existed 

knowledge. 

This result not only provide support for the spatial analysis we performed, but also provide 

guidance for identifying “casual contacts” for fate differentiation: since sibling cells have 

identical lineage history, the signaling cell responsible for their fate differentiation should have a 

high contact probability with one of the sibling lineages, while rarely contact another sibling 

lineage. Therefore, we defined the differential score in the following way:  

c is the possible signaling cell, ca and cp are sibling cells with different fate. The earliest time for 

gene expressions between ca and cp staring to diverge is td. The differential score can be defined 
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on the contact probability, contact area or contact duration (contact area and contact duration are 

normalized by the maximal value at that cell stage), and we choose the largest one: 

퐷푖푓푓푠푐표푟푒(푐, 푐푎, 푐푝)

= max(|푃푐표푛푡푎푐푡(푐, 푐푎) − 푃푐표푛푡푎푐푡(푐, 푐푏)|, |퐴푐표푛푡푎푐푡(푐, 푐푎)

− 퐴푐표푛푡푎푐푡(푐, 푐푏)|, |푇푐표푛푡푎푐푡(푐, 푐푎) − 푇푐표푛푡푎푐푡(푐, 푐푏)|) 
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Figure 29. Cell-cell signaling induced specification between E and MS 

 

A: each row is the contact probability for E and MS lineages with one of the 139 cells. B: the 

time course for the expression level of gene end-1 in E(red) and MS (blue) descendants. C: 

Pcontact, Acontact and Tcontact for E and MS lineages with selected cells that are likely to be the 

signaling centers. 
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3. ABalap signals to ABplaa 

Known from previous experiments : ABalap induce the fate of ABplaa by Notch signaling.  

According to the spatial analysis we performed, the contact areas between ABalap and two 

daughters of ABpla differs significantly (0.8 for ABplaa and 0.1 for ABplap), so do the contact 

duration (19 for ABplaa and 8 for ABplap). Therefore, though the contact probability does not 

differs significantly (1 for ABplaa and 0.5 for ABplap), ABalap is still likely to provide 

differential signaling to ABplaa (Table 5). In addition, ABalpa also have the potential to endow 

ABplaa with new fate. 

 

Table 5. The spatial information for cells with Diffscore(c,ABplaa,ABplap)>0.7 

cellname ABalap ABalpa Caa ABplpp Ea ABarpp 

Pcontact (ABplaa) 1 1 0 0 0 0.1 

Pcontact (ABplap) 0.5 0.1 1 1 0.9 1 

Area (ABplaa) 0.8 0.3 0.1 0 0 0.1 

Area (ABplap) 0.1 0 0.6 0.1 0.1 0.3 

Minute (ABplaa) 18.8 17 1 1 3.7 6.9 

Minute (ABplap) 7.7 2 4.9 15.1 9.9 18.7 

Distance (ABplaa) 7.7 12.6 17.5 22.2 23.3 18.3 

Distance (ABplap) 15.4 18.8 8 14 16 11.3 

Correlation (ABplaa) 0.5 -0.1 0.4 0.2 -0.4 0.5 

Correlation (ABplap) 0.4 -0.1 0.5 0.3 -0.3 0.5 
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4. MSap signals to ABplpa 

Known from previous experiments: : MSap induce the fate of ABplpa by Notch signaling.   

According to the spatial analysis we performed, MSa and MSap, and ABalpp both have higher 

Pcontact and Acontact towards ABplpa instead of ABplpp, and shown in Table 6.  Ep have the 

potential to instruct ABplpp as it exclusively contact with ABplpp instead of ABplpa. 

 

Table 6. The spatial information for cells with Diffscore(c,ABplpa,ABplpp)>0.7 

cellname MSap MSa ABalpp Ep 

Pcontact (ABplpa) 1 1 1 0.1 

Pcontact (ABplpp) 0.6 0.2 0.1 1 

Area (ABplpa) 0.5 0.5 0.6 0 

Area (ABplpp) 0 0 0 0.4 

Minute (ABplpa) 11.7 8 19.1 4.2 

Minute (ABplpp) 4.8 1.6 4.2 19.7 

Distance (ABplpa) 8.3 11.5 9.4 18.3 

Distance (ABplpp) 14 17.7 17.5 11.3 

Correlation (ABplpa) 0.4 0.3 0.7 0.3 

Correlation (ABplpp) 0.3 0.2 0.6 0.3 
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5. MS signal to ABal 

Known from previous experiments: the MS cell use Notch signals to instruct the fate of ABalp 

but not ABala.  

The spatial analysis we performed agrees well with this understanding, as shown in the Table 4 

below: Pcontact(MS,ABalp)=1.0 while Pcontact(MS,ABala)=0.2. MSa is also likely to be the 

signaling cell: though MSa contact both ABalp and ABala with similar probability 

(Pcontact(MSa,ABalp)=1 and Pcontact(MS,ABala)=0.8), their contact areas differ significantly 

( Acontact(MSa,ABalp)=0.9 while Acontact(MSa,ABala)=0.1).  

 

Table 7. The spatial information for cells with Diffscore(c,ABala,ABalp)>0.7 

cellname MS MSa ABarp ABplp 

Pcontact (ABala) 0.2 0.8 1 0 

Pcontact (ABalp) 1 1 0.1 1 

Area (ABala) 0.1 0.1 0.2 0 

Area (ABalp) 0.7 0.9 0 0.3 

Minute (ABala) 2.1 6.1 9.7 2 

Minute (ABalp) 5 8.5 2.2 12.3 

Distance (ABala) 20.5 16.2 19.4 24.3 

Distance (ABalp) 13.9 8.9 21.6 17.2 

Correlation (ABala) -0.2 -0.2 0.2 -0.1 

Correlation (ABalp) 0.4 0.5 -0.3 0.4 
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However, there is one signaling event that does not highly agree with our analysis: the MS cells 

to the ABar signaling.  

Known from previous experiments: by mutation and cell ablation experiments, it was believed 

that MS use Notch signals to instruct the fate of ABara to be different from its sibling ABarp.  

According to the spatial analysis we performed, however, the contacts from MS to ABara are not 

significantly different from that to ABarp. As shown in Table 5 below, Pcontact(MS,ABara)=1.0 

while Pcontact(MS,ABarp)=0.9, and Acontact(MS,ABara)=0.46 while 

Acontact(MS,ABarp)=0.12.  

There are three possibilities:  

1. MS is still the signaling cell, and ~4 time  difference in contact area is sufficient to establish 

the fate difference between ABara and ABarp;  

2. MSa sends the signal. The contact area between MSa and ABara is 0.43 , while that between 

MSa and ABarp is 0.003. This possibility can also explain why ablating MS disrupt the 

ABara/ABarp specification since MSa is the daughter of MS. This possibility implies that MSa 

acquired a new signaling property comparing to its mother MS. 

3. C signal to ABarp. According to the segmentation, C exclusively contact with ABarp but not 

ABara. It is also possible that C instruct the fate establishment of ABarp, and ABarp then signals 

to ABara. Given that the final fates of ABara and ABalp are quite separable in the sense of gene 

expression (Figure 29A), it is still likely that they have different signaling cells.   

  



90 
 

Table 8. The spatial information for cells with Diffscore(c,ABala,ABalp)>0.7 , and MS, MSa 

and MSp 

cellname C Ca ABpla MSp MS MSa 

Pcontact (ABara) 0 0.3 1 1 1 1 

Pcontact (ABarp) 1 1 1 1 0.9 0.6 

Area (ABara) 0 0.1 0.2 0.3 0.5 0.4 

Area (ABarp) 0.5 0.6 0.7 0.1 0.1 0 

Minute (ABara) 1.9 3.3 12.3 8.5 4.9 8.5 

Minute (ABarp) 8.4 4.9 12.7 7.3 4.3 4.6 

Distance (ABara) 25.6 19.8 15.5 13.4 15 14.1 

Distance (ABarp) 19 13.4 12.6 16.1 19.4 19.6 

Correlation (ABara) 0 -0.1 -0.1 0.2 0.1 0 

Correlation (ABarp) 0.4 0.4 0.4 -0.5 -0.4 -0.5 
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Figure 30. The gene expression pattern of AB lineage 

 

All computation are based on the leaf cells of AB lineages. A. the projection of leaf cells’ gene 

expression on the first and second principle components. B. the distance between each leafs on 

the gene expression level. C. some of the lineage specifying genes in from ABa/ABp 

specification up to the 8-cell stage of AB lineages. D. the average distance on the gene expression 

level for the 8 AB founder cells’ lineage. D is an average of B.  
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Figure 31. The average distance pattern on gene expression space for different mother cells 

on the lineage tree 
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Since the MS to ABar signaling has been tested by ablation experiments, and our hypothesis 

highly consistent with other five known signaling events, it helps us to set up a threshold for 

possible signaling events. Therefore, we tentatively define signaling contact as: 

At least one casual signaling is required for a pair of sibling cell to acquire different fates. Most 

time, A-P polarity would be sufficient for inducing sister cell differentiation. However, there are 

some cases where A-P polarity signals is apparently insufficient, and our method can predict 

possible signaling contacts. Two such cases are listed below.  

1. D lineage signals to Cap and Cpp 

The differentiations of Ca and Cp show identical trajectories in the expression space (Figure 31 

A-B). In the expression space, the descendants of Caa are very close to that of Cpa, and the 

descendants of Cap are very close to that of Cpp (Figure 31C). Therefore, the cells instruct 

Caa/Cap differentiation and Cpa/Cpp differentiation might be similar, if not the same.  

As shown in Table 9 below, D lineage cells are most likely to be the signaling cell: D exclusively 

contact with Cpp (Pcontact=1) but seldom Cpa (Pcontact=0.1). Though Pcontact(D,Cap)=0.87 

is not very high, Da always contact with Capa (Pcontact=0.95) and Capp (Pcontact=1) but never 

contact Caaa and Caap. Therefore, D lineage is likely to offer Cap & Cpp different fate over Caa 

& Cpa.  

On the contrast, the exclusive contacts for Cpa are from ABprap and Caa; the exclusive contacts 

for Caa are from ABarpp ,ABplapa and Cpp. Caa and Cpp are also cells waiting instructions and 

should be ignored for selecting signal cells. Unless ABprap are sending similar signals with 

ABarpp and ABplapa, they are unlikely to give the same instructions to Cpa and Caa. 

  



94 
 

Table 9. The spatial information for cells with Diffscore(c,Cpa,Cpp)>0.7 and  

Diffscore(c,Caa,Cap)>0.7 

cellname D ABprap Caa ABprapa 

Pcontact (Cpa) 0.1 1 0.9 1 

Pcontact (Cpp) 1 0.4 0 0 

Area (Cpa) 0.1 0.6 0.3 0.2 

Area (Cpp) 0.7 0.1 0 0 

Minute (Cpa) 3 4.9 21.9 16.3 

Minute (Cpp) 13.3 2.6 1 1 

Distance (Cpa) 13.1 9.7 12 11.2 

Distance (Cpp) 4.5 16.3 18.4 19.5 

Correlation (Cpa) 0.1 0.2 0.5 0.3 

Correlation (Cpp) 0.6 -0.2 0.1 -0.2 

 

cellname Da ABarpp Cpaap ABplapa 

Pcontact (Caa) 0.1 1 0.9 1 

Pcontact (Cap) 1 0.3 0.1 0 

Area (Caa) 0 0.6 0.4 0.2 

Area (Cap) 0.3 0.1 0.1 0 

Minute (Caa) 4.6 7 21.2 16.6 

Minute (Cap) 15.9 3.4 4.8 3 

Distance (Caa) 11.1 7.5 8.3 11.5 

Distance (Cap) 8.3 16.6 12.5 20.7 

Correlation (Caa) 0 0.5 0.3 0.6 
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Correlation (Cap) 0.3 0.2 0.2 0.4 
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Figure 32. The PCA projection of gene expression trajectories the differentiation process 

starting from Ca(A), Cp (B), MSa(C) and MSp(D)   

 

Each trajectory is a PCA projection for the gene expression profile of one cell. Different color 

indicates different lineages.  
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2. E lineage signals to MSap and MSpp 

The differentiation processes of MSa and MSp descendants follow very similar trajectories in the 

expression space (Figure 31 C,D). The final states of the descendants of MSap are very close to 

that of MSpp, and the final state of MSaa are close to that of MSpa (Figure 30F). Therefore, the 

cells instructing MSaa/MSap  differentiation and instructing MSpa/MSpp differentiation might be 

similar, if not the same.  

E lineage cells appear to be the most likely candidates. As shown in Table 10,  P(Ea,MSap)=1 

while P(Ea, MSaa)=0.3, P(Ep,MSpp)=1 while P(Ep, MSpa)=0.1,with the contact duration and 

contact areas also differ significantly. Therefore, E lineage are likely to provide fate instructions 

for MSap and MSpp. At the same time, ABaraa lineage may provide guidance for MSpa and 

MSaa, since it always contact with these two cells but seldom their siblings. 
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Table 10. The spatial information for cells with Diffscore(c,MSaa,MSap)>0.7 and  

Diffscore(c,MSpa,MSpp)>0.7 

cellname Ea ABplpap ABplpa ABaraap ABalaa 

Pcontact (MSaa) 0.3 0 0.1 1 0.9 

Pcontact (MSap) 1 1 1 0.1 0 

Area (MSaa) 0.1 0 0 0.4 0.2 

Area (MSap) 0.6 0.5 0.5 0 0 

Minute (MSaa) 3.3 1 3.9 8.9 10.5 

Minute (MSap) 15.3 10.3 11.7 2.8 3.7 

Distance (MSaa) 17.8 17.9 15.4 9.3 12.8 

Distance (MSap) 10 8.6 8.3 16 21.7 

Correlation (MSaa) 0.5 0.2 0.2 0.5 0 

Correlation (MSap) 0.5 0.4 0.4 0.2 -0.1 

 

cellname Epr Ep ABprpa MSaa ABaraa ABaraap ABalpp 

Pcontact (MSpa) 0.1 0.1 0.1 1 1 1 0.9 

Pcontact (MSpp) 1 1 1 0 0 0 0 

Area (MSpa) 0.1 0.1 0 0.5 0.3 0.4 0.1 

Area (MSpp) 0.5 0.2 0.6 0 0.1 0.1 0 

Minute (MSpa) 1.9 3.5 1.4 19.8 10.7 8.8 8 

Minute (MSpp) 4.7 15.1 12 2 9.2 6.2 1 

Distance (MSpa) 18 19.8 15.5 8.9 11.6 8.3 15.3 

Distance (MSpp) 10 13.5 5.8 18.7 19.2 16.2 23.4 

Correlation (MSpa) 0 0.1 0.6 0.6 0.3 0.6 -0.2 
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Correlation (MSpp) 0 0.1 0.7 0.6 0.3 0.5 -0.2 

In summary, we assume this casual signaling come from cells that robustly contact with one of 

the sibling cell but  rarely contact the other sibling. With this assumption, we identified the 

contacts with high differential scores, and most of them are biologically known important cell-

signaling . For the other high-scored contacts without experimental support, it would be 

interesting to test them in lab. 

Understanding cell fate decisions in the gene expression space requires not only cell-cell contacts 

information. First, facing the same external stimulus, the different lineage backgrounds constrain 

the set of genes can be turned on. For example, P2 signal to both ABa and E, yet ABa and E have 

distinctive fates. Second, the signals send depends on the gene expression state of the “casual 

cells”, so different “causal” might send same type of signals and induce activation of same genes. 

The next step is to combine the gene regulation and the cell signaling process together.  
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The Mechanistic Model: a Worm Develops in Silicon 

1. Description of the mechanistic model 

The next aim is to construct a mechanistic model that can simulate the gene transcription 

dynamics during the early development of C.elegans. For simplicity, we use the booleanized gene 

expression data.  

The model should have three inputs: 

1.  A set of Boolean Grammar for each gene of interest. A Boolean Grammar for the i-th gene,  

퐵표표푙퐹푢푛 (푔⃗ , 푠⃗), is a logic expression that maps the input to the output in the cell c.  The 

input 퐼 = (푔⃗ , 푠⃗)  includes two parts: 

 푔⃗, the gene expression profile. In reverse engineering process, we only consider 

genes made decisions no latter than the i-th gene as input.  

 푠⃗, the status of signals received by cell c : there are three systems of signals for 

sibling cells establishes fate difference: (1). The P-granules in the most posterior cell 

P1-P4; (2) The Anterior-Posterior polarity established by Wnt/POP-1 pathway 

starting from P12 stage and AB8 stage. (3) cell-cell signaling by direct contact. We 

tested the effect of all three systems of signals. 

2. The signal status for each cell, including the polarities and cell-cell contact map. 

3. The lineage tree: Mother-Daughter relation for all cells. When each cell divide and which 

cells are its daughter.   

The output of the model is the expression level (ON or OFF) for the i-th gene in the next step. 

Starting from the single zygotic cell with the aforementioned three inputs, we should be able to 

simulate the binary gene expression profile in each cell as the development progresses. We would 

like the simulation result matches experimentally observed pattern. 
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2. Reverse Engineering method for algorithms 

In the aforementioned three inputs, only the first one is unknown yet. We already got the signal 

status of each cells (polarity from previous research, cell-cell contacts from Voronoi  

segmentation) , and the lineage tree (from previous research). We also have the wild type gene 

expression profile for each cell during development.  The Boolean Grammars describes how gene 

regulation and signaling effects the cell fate decisions during development, and stays illusive for 

most of the genes.  Therefore, we would like to reverse engineer the possible grammars that can 

reproduce the observed wild type gene expression profile. 

In our model, the basic assumption is:  

1. cell fates are not transient but stable gene expression state. It changes only because of signals. 

It is intuitive that when two sister cells, sharing the identical genome and coming from the same 

mother, show differential expression pattern, there should be at least one signal to diverge their 

fates. Also, when a fate decision happen for the daughters of cell c, at least one of the daughters 

should acquire a fate different with the mother. As our basic assumption, it also require a signal 

that are accepted by that daughter cell but not the mother. Of course there might also be genes 

that provide a timing role, which assign daughter cell a new fate without external signal. For 

simplicity we didn't consider this possibility, but it worth considering in future work. 

The method we used to reverse engineer the Boolean Grammars is specified as below:  

1. For i-th gene of interest, based its observed expression pattern, identify two groups of cells: 

the cells having the i-th gene ON (푂푁퐶퐸퐿퐿푠), and the cells having the i-th gene OFF 

(푂퐹퐹퐶퐸퐿퐿푠).  

2. List the inputs for all 푂푁퐶퐸퐿퐿푠and 푂퐹퐹퐶퐸퐿퐿푠, then identify the minimal dimensions on the 

inputs that can separate the input profile of 푂푁퐶퐸퐿퐿푠and 푂퐹퐹퐶퐸퐿퐿푠.  

3. One minimal grammar for the i-th gene is the Sum of the Product (SOP) for one set of 

minimal dimensions. 

We simply our algorithm for reverse-engineering the Boolean Grammars the for gene i as below: 
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1. if fate decisions on gene j always happen downstream of fate decisions on gene i on the lineage 

tree, then gene j is not considered as an input for the Boolean function of gene i. 

2. if cellON and cellOFF can be separated by no more than five dimensions, then enumerate rules 

within five dimension; otherwise, use the local-optimal search method for rules within ten 

dimension. 

Even with the simplification, his method leads to around 5 ∙ 10  lines of Boolean Grammars, 

each of them is capable to reproduce the experimentally observed gene expression pattern. 

However, there are some constrains for all algorithms. Without these constrains, many of 

grammars don’t works, or even no grammar can be deduced from reverse engineering. In the past 

few decades, significant accomplishment has been achieved  in mapping the regulatory 

mechanisms during early development of C.elegans. Nevertheless, when some of these well-

depicted mechanism are put in a rigorous logic model, the model does not work without further 

constrains. We are interested in these constrains, which help us to acquire deeper understanding 

of cell fate decisions and development. 

The formations of P1-lineage founder cells has been under intensive experimental investigation 

for decades, and we use them  as examples to demonstrate the algorithm and relating constrains. 

Figure below demonstrate the existing picture of P1-lineage fate decision events: the point of 

sperm entry set up the posterior pole, and a serial of proteins complexes always attaches to this 

most posterior pole to maintain the polarity, from P1 to P4 cell. PIE-1 is a somatic transcription 

inhibitor and always localizes to the most posterior cell from P1 to P4. SKN-1 activates MED-2 

(as there is no observation of SKN-1 activity in our datasets, we use med-2 as its replacement), 

and is required to specify EMS fate. PIE-1 is required to specify P2 fate, and PAL-1 is required to 

specify C and D fate (Rose and Kemphues, 1998). By mutation experiment, it has been shown 

PIE-1 restrains the activity of both SKN-1 and PAL-1(Hunter and Kenyon, 1996). SKN-1 also 

inhibits the activity of PAL-1 to prevent PAL-1 from being activated in the EMS lineage. The 

gene regulatory network’s topology is shown in the Figure below. Our observed activation pattern 
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of MED-2 and PAL-1 are consistent with observations made before and are summarized in the 

figure below.  According to the known biological understanding,  the minimal algorithm for 

MED-2 and PAL-1 activation is:  

퐺 = ! PIE-1 (Equation 1) 

퐺 =!MED-2 & ! PIE-1 (Equation 2) 
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Figure 33. The previously known activation pattern for gene pie-1, med-2, pal-1 and their 

interactions 
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3. Caveats in making the worm right  

In the past few decades, significant accomplishment has been achieved  in mapping the regulatory 

pathway for early development of C.elegans. Nevertheless, when some of these well-depicted 

pathways are put in a rigorous logic model, the model does not work without further assumptions. 

These assumptions may represent some ignored mechanisms that are important for correct fate 

decisions.   

We use the aforementioned P1 lineage founder cell formation as example. When the pathway is 

put into logic model like Equations 1-2 , there are several caveats/constrains for this simple 

picture to work.  

1. The problem of choosing input: leader or passenger. 

In each cell, the Boolean Grammar 퐺 (푔⃗ , 푠⃗) maps the input (푔⃗ , 푠⃗)  to the next-step 

expression of the i-th gene. 푠⃗ is the signal received by cell c.   푔⃗  is the gene expression 

profile. However, we can assign 푔⃗ to be the expression profile of the mother cell of the c. It 

means that the cell c inherit the expression profile from the mother cell, and then change the 

the i-th gene according to the signal received by the cell c. Therefore the i-th gene may act as 

a leader of the cell fate change for cell c. Otherwise, we can assign 푔⃗ to be the current 

expression profile of the c-th cell (except for the i-th gene, which is to be determined yet), 

meaning that the cell c already establishes its fate identity that is different from the mother , 

then the i-th gene acts as a passenger gene that adjusts its expression according to the existing 

fate decisions.  

We choose the C/D fate specifier PAL-1 as the  example. Following the regulatory network 

shown in figure above, while PAL-1 should act as a passenger.  

Under the “leader” or “passenger” scenario, The input vectors for each cell are listed in Table 

11 below. Here, PIE-1 acts as the polarity signal. 

For leader genes, their inputs in each cell are the mother cell’s gene expression statues plus 

the signals received by the current cell. Therefore, for leader genes, the inputs in EMS, C and 
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D are all the same in the sense of PIE-1 and MED-2 (Table 11B). If PAL-1 is the leader gene, 

following the turning ON condition in Table 11, it will turn on in all EMS, C and D, which is 

incorrect.   

For passenger genes, their puts in each cell are the cell’s current gene expression status other 

than this gene,  plus the signal received. If PAL-1 is the passenger gene, following the turning 

ON condition in Table 11A, it still can turn ON in C and D cell, while remains OFF in EMS 

cell due to the suppression of MED-2. 

Though for each differentiation event there should be at the least one leader gene, yet all 

other genes can either be the passenger or the leader. Therefore, for divisions with more than 

one lineage specifiers, we computed both condition for all genes. 
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Table 11. Input for logic functions for fate decisions in Figure 32 as leaders (A) and 

passengers (B)  

A. Inputs for Leader Genes 

 

B. Inputs for Passenger Genes 

Cells 푔⃗  푠⃗ 

 MED-2 PAL-1 PIE-1 

EMS 1 0 0 

C 0 1 0 

D 0 1 0 

 

  

Cells 푔⃗  푠⃗ 

 MED-2 PAL-1 PIE-1 

EMS 0 0 0 

C 0 0 0 

D 0 0 0 
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2. The problem of locking fate choice. 

Take the activation of MED-2 as example. As we described before, the activation of MED-2 only 

relies on:  Being the P1-offspring and PIE-1 is OFF. Therefore, no matter if MED-2 is the leader 

or passenger, it’s ON condition is not only satisfied in EMS, but also C and D.  

Therefore, in order to achieve correct expression pattern, there should be a “locker” for MED-2, 

to make sure that after it decide to be OFF in P2, it won’t be activated again even if the ON 

condition is satisfied in some descendants of P2.  

Locking happens more often  for activation: once a gene decide to turn ON in cells c upon a 

signal, it remains ON for all descendants of c even when the ON condition is no longer satisfied.   

Locking ON is essential when signals are transient.  

In the sea urchin embryogenesis regulatory network, “locking-down” of endomesodermal/ 

mesodermal fate decision by activation and repression has already been noticed (Ben-Tabou de-

Leon et al., 2013). This interlocking of network states are also discovered in the GRNs for 

development in multiple species (Levine and Davidson, 2005). 

The mechanism for locking can be chormotine modification or feedbacks in gene regulatory 

circuits. Gene circuits for locking ON can be simple self-positive feedback or anything that  

produce bi-stable, while that for locking off should at least be the mutual inhibition. For example, 

if PAL-1 and MED-2 are mutually exclusive, then the alternative turning-ON pattern after fate 

decision provides a “locking”. For the algorithms of each genes, we computed four conditions by 

assigning different groups of 푂푁퐶퐸퐿퐿푠 and 푂퐹퐹퐶퐸퐿퐿푠.  
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3. The problem of the default fate 

Our basic assumption is that the cell change its fate only upon receiving signals distinguishable 

from its mother. Therefore, if we only consider polarity system, at the least, the fate decision in 

AB, Ea and Ep is not possible: There is no POP-1 asymmetry established in ABa and ABp yet. 

Ea(p) have lineage specifier ref-1 which is highly expressed in Ea(p)r but not Ea(p)l, while A-P 

polarity are not able to provide signal here. Therefore, at least for these three fate decision events, 

cell-cell signaling are essential. In the algorithm, if we only use Polarity as the signal, only 6 

gene’s leader algorithm can be obtained. 
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Discussion and Future Directions 

In this work, I investigated the collective fate decisions during embryogenesis using quantitative 

method.  C.elegans, the tinny worm with stereotyped lineage, is used as the model organism. 

Based on a large set of fluorescent microscopic images, I constructed the first "standard worm" in 

silico from the single zygote to about 300 cell stage, with all the lineage, position, cell-cell 

contact and gene expression dynamics quantified for each cell in order to investigate principles 

underlining these extensive data. Next, I reverse-engineered the possible gene-gene/cell-cell 

interaction rules that are capable of running a dynamic model recapitulating the early fate 

decisions during C.elegans development.  Analysis towards data and model uncovered the global 

landscape of development in the cell fate space, suggested possible gene regulatory architectures 

and cell signaling processes, revealed diversity and robustness as the essential trade-offs in 

development, and demonstrated distinctive strategies in building multicellular organisms. The 

dynamic model also emphasized previously overlooked constrains on development,  and led to 

testable predictions. 

In the process of building the worm in silico, very interesting and unexploited phenomena have 

emerged. I would like to follow up on these unsolved questions to gain a deeper understanding in 

the formation of multicellularity, by both computational and experimental methods, and in any 

model organisms for development. 

The first topic I would like to investigate is on the information genesis during embryogenesis. 

Information theory has been applied to the Drosophila melanogaster embryogenesis to quantify 

the information transmission from maternal mRNA gradient to the embryonic gene expression 

patterns in Drosophila, and to search for the regulatory networks that minimize the information 

loss during this transmission. However, after the initial induction, maternal effectors become 

insufficient and organisms have to reply on zygotic mechanisms for further fate specification. 

Besides, there is no global gradient known in C. elegans. We found that the worm embryo 
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increases its phenotypical information as the lineage tree spans, after the initial one bit of 

information supplied by sperm entry to specify the anterior-posterior axis. Information stored in 

the genome got decoded into diverse cell fates, by inheritance and cell-cell communication. This 

phenomenon that information in a whole system increases due to information exchange between 

subsystems, is de novo. My hypothesis is that information genesis is a general phenomenon in 

self-organizing complex systems, and most organisms will try to maximize the information gain 

during its development.To test this hypothesis, it would be very interesting to quantify the degree 

of information increase in other embryonic model organisms, and even other typical self-

organizing systems like reaction–diffusion system or social networks. This studywill also provide 

insight into how information is produced by intertwined interactions, and further suggest common 

mechanism for self-organization in general. 

The second project is inspired by the repetitive anterior-posterior asymmetry. In most sister pairs 

that appeared during C. elegans embryogenesis, the transcription factor POP-1 is always higher in 

the more anterior sister while lower in the more posterior sister, and induces different cell fate 

programs. Induced polarity is believed to be the molecular mechanism for this repetitive 

asymmetry: two membrane binding proteins MOM-2 and MOM-5 inhibit each other within the 

same cell, while activating each other in adjacent cells. Therefore, the polarization from MOM-2 

to MOM-5 has the tendency to align in the same direction with surrounding cells. After division, 

daughter cell that inherits more MOM-2 will have a high POP-1 activity. A physics analogy is the 

ferromagnetism. Nevertheless, the Ising model on ferromagnetism indicates that a global 

orientation requires either external filed, or extremely low temperature. A global gradient 

(external filed) does not exist for C. elegans, and noise (temperature) is unavoidable in biological 

systems. I suspect that the observed global orientation in worm may arise with a third mechanism: 

cell division. The POP-1 asymmetry pattern starts at the beginning of development. This initial 

cluster of polarization provides a robust seed for polarity, and errors in direction may be corrected 

as new cell are added to the system by consecutive division. This hypothesis, that a 
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dividing/growing Ising system may possess more robustness in the global orientation, is 

supported by preliminary results. I would like to investigate this topic further both and 

experimentally. The outcome of the project may add new insight to the phase-transitions in the 

Ising model, and provide guidelines for the third project: how to design a multicellular organism 

that undergoes autonomous development. 

Two strategies of building a multicellular organism emerged in analyzing C. elegans 

experimental data. The first strategy is to maximize the diversity of cell fate in the cost of high 

signal types and low robustness, and the second strategy is to multisite single type of external 

signal to increase robustness in the cost of cell fate diversity. For example, if we trace back to the 

lineage history of each cell, the POP-1 high/low pattern can uniquely identify a cell, and thereby 

assign each cell with distinctive fates by appropriately designed gene regulatory networks. Under 

the trade-off between robustness and fate diversity, it would be interesting to run an in-silico 

evolution or enumeration, or analytically derive possible strategies that appropriately form a 

multicellular structure with order and complexity. Furthermore, it would be exciting to 

collaborate with synthetic biology laboratories to realize these optimal design strategies in a non-

development system like E. coli or yeast. 
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