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Abstract 

Identification of genes/proteins involved in pluripotency and their inter-relationships is important for 

understanding the induction/loss and maintenance of pluripotency. With the availability of large volume of 

data on interaction/regulation of pluripotency scattered across a large number of biological databases and 

hundreds of scientific journals, it is required a systematic integration of data which will create a complete view 

of pluripotency network. Describing and interpreting such a network of interaction and regulation (i.e., 

stimulation and inhibition) links are essential tasks of computational biology, an important first step in 

systems-level understanding of the underlying mechanisms of pluripotency. To address this, we have 

assembled a network of 166 molecular interactions, stimulations and inhibitions, based on a collection of 

research data from 147 publications, involving 122 human genes/proteins, all in a standard electronic format, 

enabling analyses by readily available software such as Cytoscape and its Apps (formerly called “Plugins”). 

The network includes the core circuit of OCT4 (POU5F1), SOX2 and NANOG, its periphery (such as STAT3, 

KLF4, UTF1, ZIC3, and c-MYC), connections to upstream signaling pathways (such as ACTIVIN, WNT, 

FGF, and BMP), and epigenetic regulators (such as L1TD1, LSD1 and PRC2). We describe the general 

properties of the network and compare it with other literature-based networks. Gene Ontology (GO) analysis is 

being performed to find out the over-represented GO terms in the network. We use several expression datasets 

to condense the network to a set of network links that identify the key players (genes/proteins) and the 

pathways involved in transition from one state of pluripotency to other state (i.e., native to primed state, 

primed to non-pluripotent state and pluripotent to non-pluripotent state). 

 

Keywords human pluripotency network; network layout; network measures; gene enrichment analysis; gene 

expression data; embryonic stem cell; naive and primed states. 

 

 

 

 

 

 

 

1 Introduction 

Embryonic stem cells (ESC) are important due to the following two properties: One is the self-renewal, 

which is the ability to go through numerous cycles of cell division while maintaining the undifferentiated 
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state (Thomson et al., 1998; Jain et al., 2011). The other one is pluripotency, which is the capacity to 

differentiate into specialized cell types (Reubinof et al., 2000). The ability to give rise to any mature cell type 

makes the pluripotent stem cells as a potentially ideal cell candidate for basic science as well as for 

regenerative medicine (De Los Angeles et al., 2015). However successful application of pluripotent stem cells 

is impeded due to lack of complete knowledge of underlining mechanisms of pluripotency. The molecular 

mechanism behind this process is a complex interplay between the genes/proteins that includes transcription 

factors (TFs) with epigenetic regulators and signaling pathways. These mechanisms involve protein–protein 

interactions, which participate in key biological processes in cells. They are supplemented by DNA–protein 

interactions describing gene regulation by the control of transcription (called gene-regulatory network) 

(Kininmonth et al., 2012). 

With the availability of large volume of data on interaction/regulation of pluripotency scattered across a 

large number of biological databases and hundreds of scientific journals, it is required a systematic 

integration of data which will create a complete view of pluripotency network and allow researchers to know 

the up to date knowledge on pluripotency. Thus, in this paper, we propose to assemble a new map of the 

interaction/regulation network of human pluripotency that incorporates genes and proteins, and is based on 

manual literature curation.  Describing and interpreting such a network of interaction and regulation (i.e., 

stimulation and inhibition) links are essential tasks of computational biology, an important first step in 

systems-level understanding of the underlying mechanisms of pluripotency.  

Furthermore, current high throughput genomics technologies generate large quantities of high 

dimensional data. The challenge for integrative bioinformatics is to capture, integrate, and analyze these data 

in a consistent way to provide new and deeper insights into complex biological systems. For example, large 

amounts of differential gene expression data on pluripotency are becoming available, describing a variety of 

experimental conditions such as gene knockout and knockdown, and the effect of interventions. Combining 

differential gene expression data with the network of interaction/regulation should be used to understand the 

role of epigenetic, signaling, and transcriptional mechanisms in pluripotency, and screen for putative 

mechanistic relationships revealed by the differential gene expression data. Thus, we assembled an electronic 

network (interaction/regulation) depicting the cellular and molecular mechanisms encompassing pluripotency, 

called hPluriNet. Nodes and edges are main components of the network. Nodes represent genes/proteins and 

edges represent stimulation, inhibition, or interaction links. Continuing and updating the network are 

important; therefore we will continue addition of nodes/edges to the network. In this paper, we describe how 

the network is assembled, its layout and properties, annotation of associated biological information, and its 

usefulness in data analysis. 

Recently, pluripotency networks have been constructed based on manual literature curation as well as 

in-silico approach. Particularly, the PluriNetWork (Som et al., 2010) which is the largest literature-based 

network currently available, describing pluripotency in mouse, a network of 274 genes/proteins and 574 

molecular interactions, based on a collection of research data from 177 publications. Another literature-based 

pluripotency network for mouse was assembled by Xu et al. that contains 134 genes/proteins and 220 

interactions (Xu et al., 2010). Other types of pluripotency network are based on machine learning, using 

high-throughput interaction and gene expression data as input. In particular, Muller et al. developed the 

PluriNet (Muller et al., 2008), an undirected network describing stem cell regulation in human. The PluriNet 

contained 299 genes/proteins. In another effort, Newman & Cooper (2010) generated the PluriUp, a network 

describes pluripotency in human based on their AutoSOME machine learning (clustering) approach. The 

PluriUp is a cluster of 3421 genes upregulated in pluripotent stem cells which indicates that the PluriUp was 

inflated by the genes those are not directly involved in the induction, maintenance or loss of pluripotency.  
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To overcome this problem, Som et al. (2012) derived a human pluripotency network, containing 136 

genes/proteins and 196 interactions by considering mouse literature-based network (i.e., PluriNetWork) as a 

model network. However, there is no such literature-based network on human pluripotency that could be used 

as a model network for studying early development, and scientists are expected to benefit from the easy 

access to a human network of pluripotency players and mechanisms, which will help them, make sense of 

high-throughput data. 

 

2 Material and Methods 

2.1 Network assembly 

We created the hPluriNet by manually adding the nodes (genes/proteins) and the edges (activations, 

interactions and inhibitions) that are reported in the literature showing direct mechanisms involved in the 

induction and maintenance of pluripotency in human model system (Fig. 1). The source file (i.e., Cytoscape 

file) of Fig. 1 is given in the supplementary data (S4). The list of curated literatures, nodes and edges 

information retrieved from the literatures, and type of edges (i.e., activations, inhibitions and interactions) are 

described in Supplementary data (S1). We restricted the criteria of inclusion of nodes and the edges: nodes 

and links added must be directly involved in induction and maintenance of pluripotency and in human model 

system. This inclusion criterion ensures the quality of the network and also prevents it from unnecessary 

expansion. From June 2013 we performed a fortnight search of any new publication reporting any relevance 

to pluripotency maintenance in human and relevant data were incorporated to expand the network till date, 

resulting in a model human pluripotency network of 166 edges and 122 nodes all in a standard electronic 

format in the Cytoscape editor (Shannon et al., 2003). Beside the network assembling, various useful 

biological information have been annotated in the network such as gene/protein name, Ensamble ID, 

UniGene ID, type of interaction, literature reference, and pubmed ID (Fig. 2a & 2b). 
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Fig. 1 Electronic Representation of hPluriNet. The network consists of 122 nodes and 166 edges. The overall network looks 

like an electronic circuit clearly depicting the nodes (Genes/proteins) and the edges (activation/inhibition/interaction). The 

network includes the core circuit of Oct4 (Pou5f1), Sox2 and Nanog, its periphery (such as Stat3, Klf4, Utf1, Zic3, and c-Myc), 

connections to upstream signaling pathways (such as Activin, WNT, FGF, and BMP), and epigenetic regulators (such as 

L1TD1, LSD1 and PRC2). Different node representations are given in the network: genes/enzymes (Diamond), transcription 

factors (Ellipse), signaling components (Hexagon), growth factors (Parallelogram), and receptors (Rectangle). Cytoscape file of 

this Figure is given in the supplementary data (S4). 
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2.2 Network layout and functionality 

One of the most important aspects of any biological network visualization is layout style. There are several 

popular layout styles used in biological networks visualization such as circular, hierarchical, force-directed, 

and simulated annealing. We present our network in a circuit-like representation that will allow easy human 

interpretation of large and complex biological networks. The network layout was produced by manually 

adding nodes and edges in an electronic circuit representation using the Cytoscape editor. The layout includes 

nodes and edges where the nodes represent genes or gene products (i.e. proteins). Three types of mechanisms 

were considered for the edges: (i) activation is denoted by an arrow, (i) inhibition is denoted by a T-bar, and 

(iii) interaction is denoted by a straight line. The network consists of five components – diamond shape 

represents enzymes, ellipse shape represents transcription factors (TFs), hexagon shape represents signaling 

component, parallelogram shape represents growth factors, and rectangle shape represents receptors. Each 

gene/protein is defined by a set of attributes described in Fig. 2a. A number of different attributes from 

different databases have been annotated in the hPluriNet. These attributes include Ensembl ID, symbol of 

gene, full name and type of molecule. The edge attributes are described in Fig. 2b. It includes start node, end 

node, type of interaction, and the reference of the publication from which the information is extracted. 

 

 

Fig. 2A Node attributes of the selected edges in the hPluriNet. It represents the node annotation panel in Cytoscape. The 

attributes included for annotation; node label which denotes the symbol of the gene, full name, ensemble gene ID, and type of 

molecule. 

 

 

 
Fig. 2B Edge attributes of the selected edges in the hPluriNet. It represents the edge annotation panel in Cytoscape. The 

attributes annotated are the start node, end node, type of interaction such as activation, inhibition or interaction, and reference of 

the paper from which the edge has been derived. 
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2.3 Differential gene expression data 

Combining differential gene expression data with the network of interaction/regulation is useful for 

identifying the pathways are involved in transition from one state of pluripotency to other state (i.e., Naive to 

Primed, Primed to Non-pluripotent, and Pluripotent to Non-pluripotent). We selected and preprocessed 

several gene expression datasets to condense the network to a set of network links to understand and highlight 

the most important start-ups and shut-downs in the process of maintenance of pluripotency in human. 

Expression data were retrieved from Gene Expression Omnibus (Edgar et al., 2002) and pre-processed using 

the RMA algorithm (Wu and Irizarry, 2004). These data were then integrated into the network and condensed 

using ExprEssence app (formerly called “plugin”), which searches for differentially altered links in a given 

network using multiple set of expression data (Warsow et al. 2010). For the purpose of identifying putative 

mechanistic relationships and validating existing knowledge for Naive and Primed state in hESC, we selected 

three datasets namely GSE59430 (Theunissen et al. 2014), GSE21222 (Hanna et al., 2010) and GSE46872 

(Gafni et al., 2013). For the non-pluripotent state the datasets namely GSE7177 (Marteyn et al., 2011), 

GSE7178 (Marteyn et al., 2011), and GSE22392 (Chin et al., 2010) were selected. The detailed description of 

the datasets with the sample and replicates is provided in S2 (supplementary data). For the purpose of 

studying the developmental timeline, we selected the gene expression dataset GSE29397 (Vassena et al., 

2011). This sample dataset consists of expression profiles of developmental changes starting from as early as 

the oocyte stage to the ESC stage provided in S3 (supplementary data). 

 

3 Results and Discussion 

3.1 Network topology and its measures 

Network measure offers a quantifiable description of a network that characterizes various biological systems 

(Zhang, 2012). Here we measured the network properties that allow us to characterize the network topology 

and compare hPluriNet with other biological networks. Topological properties of the hPluriNet were 

analyzed using Network Analyzer, which is a Cytoscape app developed by Assenov et al. (2008). The 

network parameters were computed by treating hPluriNet as an undirected network. The hPluriNet consists 

of 122 nodes and 166 edges having the degree exponent (γ) of 1.36, which states that the hPluriNet is a 

scale-free network (Barabási and Albert, 1999; Hakes et al., 2008). The other network measures are: network 

diameter is 10, characteristic path length is 4.29, clustering coefficient is 0.123, and connected component is 

9. We compared the physical properties of the hPluriNet with other biological networks. Particularly, the 

PluriNetWork is a similar kind of literature curated network that describes pluripotency in mouse. The degree 

exponent of the PluriNetWork is 1.14, network diameter is 10, characteristic path length is 3.25, and 

clustering coefficient is 0.256, and connected component is 8. The above results show that both the networks 

are similar in nature. However, interestingly, the variation of the parameters between the networks clearly 

indicates that pluripotency is species-specific that was established by the experimental evidences (Rao, 2004; 

Ginis et al., 2004; Weinberger et al., 2016).  Further we compared the parameters of hPluriNet with other 

two literature curated networks namely; protein-protein interaction (PPI) network of Curcumin (Gan et al., 

2015), PPI network of human T lymphocyte (Orr et al., 2012). The rationale behind considering 

non-pluripotency network is to find out whether hPluriNet has any specific network features or characteristics. 

The computed parameters are given in Table 1 that reveals that the hPluriNet is a scale-free, biological and 

species specific network. 
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Table 1 Comparison of network properties of hPluriNet to other biological networks namely mouse PluriNetWork, curcumin 
protein-protein interaction (PPI) network and human T lymphocytes PPI network. 

   

 
 
 
3.2 Gene ontology analysis 

We performed gene enrichment analysis of the genes involved in hPluriNet to find the gene ontology (GO) 

terms over-represented in the biological process (BP), molecular function (MF) and cellular compartment (CC). 

The GO analysis was conducted for all 122 genes. We used BINGO (Maere et al., 2005), a cytoscape app for 

gene ontology analysis. For the reference annotations we used “GO slim generic” gene ontology annotation, 

which is a set of high-level GO terms (Ashburner et al., 2000). Fig. 3 shows the GO representation of BPs, 

MFs and CCs of the genes over-represented in hPluriNet. As observed from the diagram, terms like 

“transcription regulation activity”, “transcription factor activity”, “chromatin binding”, “embryonic 

development”, “cell growth”, “reproduction”, “cell proliferation”, and “protein modification process” are 

significantly over-represented. Over-representation of the above GO terms is expected and it can be taken as 

evidence that the proteins/genes of the network perform molecular functions and biological processes related 

to pluripotency. 

Network Properties hPluriNet PluriNetWork 
Protein interaction network of  

Curcumin 

Protein interaction 

network  of human T 

lymphocytes 

Node Degree exponent -1.361 -1.14 -1.39 -0.383 

Clustering Coefficient 0.123 0.256 0.641 0.5 

Connected Components 9 8 1 7 

Network Diameter 10 10 11 7 

Network Centralization 0.231 0.418 0.165 0.299 

Characteristic Path length 4.299 3.250 4.394 2.39 

Network Heterogeneity 1.379 2.352 0.995 0.981 
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Fig. 3 Enrichment analysis of the hPluriNet genes at a significance level p = 0.05, using GO terms from GO Slim. The 

Enrichment analysis (through BiNGO graph) visualizes the GO categories that were found significantly over-represented in the 

context of the GO hierarchy. According to BINGO documentation, the size (area) of the nodes is proportional to the number of 

genes in our gene set which are annotated to that node. The color of the node represents the (corrected) p-value. White nodes 

are not significantly over-represented, the other ones are with a color scale ranging from yellow (p-value = significance level, 

here 0.05) to dark orange (p-value = 5 orders of magnitude smaller than significance level, here 0.0000005). The color saturates 

at dark orange for p-values which are more than 5 orders of magnitude smaller than the chosen significance level. 

 

 
3.3 Visualization and explorative analysis of pluripotency-related data 
In this section, we discuss the applications of hPluriNet using microarray data pertaining to hESC as described 

in the methodology section. We use ExprEssence app for the network condensation to identify the most 

differentially altered links when transition takes place from one state of pluripotency to the other. In the 

condensed network, top 10% differential altered links were considered for the analysis purpose. 

3.3.1 Transition from naive to primed state 

Stem cell states are dynamic and classified into native or ground state and primed state based on their growth 

characteristics and potential to give rise to all somatic lineages (Weinberger et al., 2016). In this analysis, we 

investigated to find out the genes/proteins and the pathways those are most crucial for the transition from 

native state to primed state. We integrated gene expression data in the hPluriNet and then condensed the 
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network using ExprEssence app. We observed that within the core pluripotency circuit, shut-down of 

activation/inhibition links around NANOG such as activation of important transcription factors REST and 

UTF1, and inhibition of lineage associated genes such as ATBF1 and MYF5 as the transition occurs from the 

native to the primed state (Fig.4a). Another interesting finding is that SOX2 is under-expressed in the native 

and primed states; hence it may not be imperative in the maintenance of pluripotency. We have further studied 

the role of SOX2 and has been discussed in the next paragraph. The TFs such as KLF4 and UTF1 have been 

reported to be instrumental in the maintenance of pluripotency in human (Nishimoto et al., 2001). Both these 

TFs show an upregulation in the native state, whereas the transition towards the primed state occurs, the 

expression intensity decreases.  Important start-ups are centered on BMP4. BMP4 has a repressive effect on 

the maintenance of pluripotency in human (Sun et al., 2006); hence these start-ups indicate the loss of 

pluripotency when development takes place from native state to the primed state (Fig. 4a). CER1 is an 

important for activation of BMP4 signaling pathway (Katoh and Katoh, 2006). CER1 is significantly 

downregulated in the native state and is upregulated in the primed state that causes the activation of BMP4 in 

the primed state. Role of signaling pathways in hESC is well known and highlighted in the condensed network 

such as bFGF, mTOR, ERK, and RAS signaling are activated and over-expressed in both the states (Chen et 

al., 2012).  

Maintenance of pluripotency in human embryonic stem cell is thought to be regulated by several key TFs 

including OCT4, NANOG, and SOX2 (Boyer et al. 2005). Although the functions of OCT4 and NANOG in 

human ESCs are fully characterized (Hyslop et al., 2005; Zaehres et al., 2005), but the role of SOX2 in human 

pluripotency is not well defined (Fong et al. 2008). To provide some elucidation towards this, we observed that 

SOX2 is not involved in transition from the native state to the primed state when top 10% pathways were 

considered. We further modulated the network and observed top 20% pathways and found that SOX2 is not 

associated in transition from native to primed state. According to Weinberger et al. (2016), the native state is 

observed at the pre-implantation blastocyst state (E6-E7), whereas the primed state is observed at post 

implantation embryo stage (E9-E12). We performed expression analysis across the developmental timeline 

form 2-cell to blastocyst stages for analyzing the expression of SOX2 in the native and primed state and found 

that SOX2 is upregulated at the 6-cell stage and continues to be upregulated till the morula stage. As it enters 

the pre-implantation blastocyst stage (native), SOX2 is downregulated. As it moves from pre to post 

implantation stage (primed), upregulation of SOX2 occurs. This observation led to an important inference that 

SOX2 is an important player but it is not an essential as are OCT4 and NANOG in maintaining pluripotency in 

human embryonic stem cell. 
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Fig. 4 A Network condensation through ExprEssence (Naive vs Primed). hPluriNet condensed comparing microarray data from 

human native and primed pluripotent states. The top 10% startups (red) and the top 10% shutdowns (green) are presented. See 

the text for details. 

 

 

3.3.2 Transition from primed to non-pluripotent 

Transition from primed state to non-pluripotent state was studied by condensing the network. We observed 

major shut-downs around OCT4 and NANOG (Fig. 4b), which highlights their role in the maintenance of 

pluripotency in human. In the developmental progress towards the non-pluripotent state differentiation starts 

that causes shut-down of major pluripotency players and activation of WNT, BMP4, and AKT1 pathways 

(Fig. 4b). These results were supported by several studies (Sun et al., 2006; Katoh and Katoh, 2007; Chen et 

al., 2012; Davidson et al., 2012). In addition to these, we also observed that the proteins ZIC3 and L1TD1 

were upregulated in the primed state and downregulated in the non-pluripotent state indicate that ZIC3 and 

L1TD1 are indispensable players for the maintenance of pluripotency in human (Fig. 4B).These observations 

have also been supported by the experimental studies (Lim et al., 2007; Wong et al. 2011). Among the 

signaling pathways, we observed the downregulation of PI3K by the inhibition of PTEN, indicating a strong 

role in the maintenance of pluripotency. This has been advocated the several studies (Armstrong et al., 2006; 

Alva et al., 2011; Chen et al., 2012). We also observed strong start-up links centric to WNT5A resulting in 

activation of FRIZZLED causing an upregulation of both pathways indicating their role in differentiation 

(Davidson et al., 2007; 2012). Start-up of mTOR via AKT1 by bFGF and MAPK signaling is also an 

important inference of the transition from primed to non-pluripotent state established their roles in 

differentiation process (Easley et al., 2010; Zhou and Wang, 2012).  
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Fig. 4B Network condensation through ExprEssence (Primed vs. Non-pluripotent). hPluriNet condensed comparing microarray 

data from primed and non-pluripotent states. The top 10% startups (red) and the top 10% shutdowns (green) are presented. 

 

 

3.3.3 Transition from pluripotent to non-pluripotent state 

We condensed the network to determine the most differentially altered pathways those are critically involved 

in transition from pluripotent to non-pluripotent state. The results include major shut downs centric to OCT4 

and NANOG, further validating that the two TFs are essential for induction and maintenance of pluripotency 

in human (Babaie et al., 2007). We also observed the downregulation of proteins including TFs such as KLF4, 

UTF1, ZIC3, and epigenetic regulator L1TD1, which further validates our hypothesis that they are important 

for induction and maintenance of pluripotency as the transition to non-pluripotent state resulted in decrease of 

their expression (Fig. 4c). Major start-ups are also observed around WNT signaling which is in congruency 

with our primed vs non-pluripotent results, further validating our observation that WNT signaling pathway 

promotes differentiation (Davidson et al., 2007, 2012). The MAPK signaling activates AKT1 signaling when 

the transition from pluripotent to non-pluripotent state occurs. mTOR signaling activated S6K which leading 

to upregulation of p53 in the non-pluripotent state: a critical mediator of human embryonic stem cells 

survival and differentiation process (Easley et al., 2010; Qin et al., 2007). The top 10% start-up and 

shut-down links involved in transition from pluripotent to non-pluripotent state are depicted in Fig.4c.   

 

 

 

 

 

 

 

 

 

 

 

67



Network Biology, 2017, 7(3): 57-75 

 IAEES                                                                                    www.iaees.org

 

Fig. 4C Network condensation through ExprEssence (Pluripotent vs. Non-pluripotent). hPluriNet condensed comparing 

microarray data from pluripotent and non-pluripotent states. The top 10% startups (red) and the top 10% shutdowns (green) are 

presented. 

 

 

3.4 Expression profile across developmental timeline 

Gene expression profiling of human pre-implantation was followed from oocyte to blastocyst stages, and 

compared with ESCs. Most of the major pluripotency TFs (OCT4, SOX2, NANOG, and KLF4) show very 

low level of expression up to 4-cell stage of development (Fig. 5a). When development progresses further to 

the six-cell stage, the core pluripotency TFs, NANOG, SOX2 and KLF4 are over-expressed, however, the 

expression of OCT4 continues to remain low (Fig. 5b). At the 8-cell stage, the OCT4 gets activated and thus 

at this stage the entire core circuitry becomes completely operational. This observation implies that the 

pluripotency program begins at the 8-cell stage (Fig. 5b). L1TD1 is also an important start up link along with 

OCT4 which may be considered as hallmark of the onset of pluripotency in human (Närvä et al., 2012). The 

signaling components involved in pluripotency such as MAPK, RAS, PI3K, and FGF get activated at the 

8-cell stage which apparently helps in induction and/or maintenance of pluripotency (Fig. 5c). Also, 

expression of a group of TFs (MYST3, REST, GATA3 and PRDM14) associated with the core circuit 

increases at the morula stage. An important observation emerges that SOX2 expression peaks at the morula 

stage whereas its expression decreases at the blastocyst stage (Fig.5d). 
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Fig. 5a Expression Profiling across developmental timeline (2-cell vs. 4-cell stage). hPluriNet with differential gene expression 

data showing similar expression patterns in 2-cell and 4-cell stages. 
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Fig. 5b Expression Profiling across developmental timeline (6-cell vs. 8-cell stage). hPluriNet with differential gene expression 

data shown the transcriptional activation beings at the 6-cell to 8-cell stages. 
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Fig. 5c Expression Profiling across developmental timeline (8-cell vs. Morula stage). hPluriNet with differential gene expression 

data established that the TFs activated the core regulatory circuitry as it progressed to the morula stage. 
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Fig. 5d Expression Profiling across developmental timeline (Morula vs. Blastocyst stage). hPluriNet with differential gene 

expression data shown the genes/proteins up/down-regulation patterns from morula stage to blastocyst stage. 
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4 Conclusions 

In conclusion, we have assembled an up-to-date extended picture of the underlining mechanisms of 

pluripotency in human which would be useful as a model system for studying early development and for the 

generation of specific cell types for use in regenerative medicine and drug screening. Assembling an electronic 

circuitry of the interaction/regulation network of genes/proteins involved in human pluripotency and 

annotation of associated biological information provide a formal way to combine different types of biological 

data into a single conceptual framework. Furthermore visualization and explorative analysis of pluripotency 

related differential gene expression data identifies the key players and the pathways involved in transitions 

from native to prime state, primed to non-pluripotent state, and pluripotent to non-pluripotent state.    

In future, we are interested in adding of small molecules and microRNAs to the hPluriNet wherever these 

mechanisms have shown to be of importance. Furthermore, the comparison between human and mouse 

pluripotency networks should be performed, which will be useful to identify species-specific pathways 

evolution, and afford a deeper understanding of the evolution of pluripotency. 
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