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Abstract 

It is known that over-expression of sets of endogenous transcription factors in somatic cells can 

induce stem-cell-like pluripotency or trans-differentiation. These discoveries relied on exhaustive 

testing of large sets of transcription factors, an approach that is both inefficient and unscalable.  

 

Here we present a novel network-based method (Mogrify) that combines gene expression data with 

regulatory network information to identify targeted sets of transcription factors to induce cell 

conversion between any two cell types. We validate Mogrify by recovering known reprogramming 

factors for all published cell conversions as well as providing further experimental evidence. Further to 

this, novel transcription factors for published conversions are identified, but critically transcription 

factor sets to induce novel cell conversions are presented, culminating in a trans-differentiation 

landscape of human cell types. 

 

Mogrify is available for every conversion between the 705 different human cell-types in the FANTOM5 

dataset and made freely available to the community via a web interface. (Mogrify.net).  
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Introduction 

Cells are the minimum unit of life, containing all of the information required for survival and 

the ability to embody this information such that they can react to their environment and 

change themselves accordingly. Multicellular organisms implement a division of labour 

between cell types. Different cell types are specialized for certain tasks, allowing the 

organism as a whole to be more efficient but ultimately removing the ability of any single cell 

type to survive in the absence of the others. Within a multicellular organism, the difference 

between any two cell types starts with the genes that are expressed. A large number of 

genes are required for all cell types, known as housekeeping genes, but more specialized 

genes are required/expressed in a subset of all possible cell types. Each cell type has its 

own stable programmatic state. These different expression programs are come about as a 

result of cellular differentiation, a genetic re-wiring process that was generally thought to act 

only in one direction. 

 
We now know that this process can be artificially managed and even reversed via the 

introduction of exogenous transcription factors (TFs). A set of four transcription factors 

(Oct3/4, Sox2, c-Myc and Klf4) introduced into fibroblasts is enough to induce a conversion 

into an induced pluripotent stem cell (iPS)1. This discovery opened the possibility that all 

cellular phenotypes could be reprogrammed artificially. Further reports demonstrated that 

different sets of transcription factors introduced into the same starting cell type could 

increase the efficiency of the conversion to a stem cell2, or lead to directed trans-

differentiation into other cell types including: myoblasts3, neurons4–6 , hepatocytes7,8 and 

cardiomyocytes9. 

These discoveries came about through a process of exhaustive testing of large sets of 

transcription factors combined with expert knowledge. The field, which initially showed a 

great deal of promise, has now stalled in its attempt to find sets of transcription factors for 

further conversions into new cell types. With roughly 2000 different TFs10–12 and 

approximately 400 unique cell types in humans13, the space of possible sets is very large 

and impractical to explore using the current approach. Therefore there is a clear need for 

computational framework to guide experimentation.  

In this work, we propose and implement a network-based computational technique, validated 

against current knowledge and experimental results. The purpose of this technique is to 



identify the required TFs for any cell conversion between any two cell types or tissues from 

the FANTOM5 project. We show that we are able to independently recover via prediction, 

the factors that were previously discovered experimentally for successfully converting cell 

types. We validate the technique using a high-throughput experimental screen and also 

provide examples of novel transitions for future testing. In each case literature support for 

each of the predicted factors is provided and a computational ‘reprogramming’ landscape 

describing the relationships between each of the cell types in the FANTOM5 dataset is 

produced. 

This work is part of the FANTOM5 project14. Data downloads, genomic tools and co-
published manuscripts have been summarized at http://fantom.gsc.riken.jp/5/top/ 
 

Results and Discussion 

Mogrify ranks TFs for a given cell type based on their predicted influence over the local 

regulatory network (see figure 1 for a summary and methods for details). This ranking is 

achieved by considering the differential expression of the TF as well as its downstream 

target genes, hence quantifying the TF’s influence on regulation within the cell. 

 

Once important TFs for each type have been found, a pairwise comparison of source and 

target cell types can be performed in order to calculate the factors that should be used to 

induce a cell conversion. During this phase TFs that are expressed with greater than 20 tags 

per million reads (TPM) in both target and source cell type as well as TFs that provide 

redundant regulation (i.e. if a higher ranking TF already regulates 98% of the same genes) 

are excluded.  

 

Biologically speaking, this identifies TFs which regulate the genes that are most important to 

a given cell type in terms of expression and regulatory influence. Most other related 

approaches in a similar context do not take the local network of a TF into account. By doing 

this, Mogrify is able to identify TFs that sit at the top of activity cascades, as well as those 

TFs whose own expression level may be low but whose regulatory influence is high, for 

instance, as a result of post-translational modification. 

 

In each trans-differentiation Mogrify predicts a ranked list of transcription factors. We have 

chosen not to apply an arbitrary cut-off to the number of factors in this list, instead leaving 

this choice to the experimental group exploring a conversion. We observe that the likely 

number of factors needed (and indeed number of possible sets) is different depending on 

the conversion and as a result experimental investigation is required to inform this choice. 



Prediction of known reprogramming factors for cell conversion 

The FANTOM5 project has used Cap Analysis of Gene Expression (CAGE) to generate a 

sequencing based expression atlas that covers a broad range of primary cell types, tissues 

and cell lines14. Within the collection, digital expression profiles are available for multiple 

donor and target cell types for which successful trans-differentiations have been previously 

published. We are able to show that Mogrify can independently predict the factors that 

induce these trans-differentiations based on the FANTOM 5 data and network information 

(see figure 3 for a summary). 

Fibroblast to Embryonic Stem Cells 

It is known that human fibroblasts can be converted to iPS cells by introducing OCT4, SOX2, 

NANOG and LIN2815. Impressively Mogrify predicts NANOG, OCT4 and SOX2 as the top 3 

TFs with equal frequency for this conversion. We note that, although we do not find LIN28 

here, the original publication found that LIN28 was not essential for reprogramming but 

improved the efficiency. Mogrify did not assign a high rank to KLF4, which was used in the 

original conversion to iPs cells1, as it was predicted to be redundant to higher-ranking TFs. 

This agrees with the later work by Yu et al15 showing that KLF4 is not required. 

Fibroblast to Cardiomyocytes 

Mouse fibroblasts have been converted to cardiomyocytes using TBX5, GATA4 and 

MEF2C9. For the same conversion, Mogrify predicts GATA4, GATA6, HAND1, NKX2-5 and 

TBX5 as the top 5 TFs. This set includes two of the three TFs used in the reprogramming 

experiment with the third, MEF2C, being ranked 8th. It was shown by Zhou et al16 that 

MEF2C was not required in order to induce cardiac marker genes, reporting that TBX5, 

GATA4 and transcriptional co-activator MYOCD (not detectable by Mogrify) were the most 

efficient set of TFs. NKX2-5 was included in the starting set of 14 TFs in the original 

experiment9. GATA6 is known to act with GATA4 in early heart development17 while HAND1 

has been shown to facilitate cardiomyocyte proliferation rather than differentiation18. A close 

homolog of HAND1 (HAND2) has been used alongside GATA4, TBX5 and two microRNAs 

in order to perform the same conversion. 

Fibroblast to Hepatocytes 

Two successful cell conversions between mouse fibroblast and hepatocyte have been 

reported. The first paper reported the use of three TFs (GATA4, HNF4A and FOXA3)8 and 

an additional knockdown of CKDN2A. It was followed by a different combination that used 

just two TFs (HNF4A and one of FOXA1, FOXA2 or FOXA3)7. Mogrify results for this 

conversion (figure 2) identified FOXA2 and HNF4A in rank positions first and second. 



Interestingly Mogrify also predicts two nuclear receptor genes (NR1H4 and NR5A2). These 

are ligand dependent TFs that are required for liver development. They are also important in 

the early stages differentiation19 when they regulate genes involved in pluripotency such as 

OCT420. Two other genes of significant interest are ONECUT1 and ATF5, both high scoring 

in the Mogrify predictions. In particular ONECUT1 is known to stimulate, amongst other 

things, FOXA2 expression and is important in hepatic differentiation21. This conversion has 

never been successful in human; it is possible that the additional factors identified by Mogrify 

(in human data) may be enough to make the conversion possible.  

Converting to Neurons 

There are a number of reports in the literature for trans-differentiations from various cell 

types to neurons in both mouse and human (see table 1). The set of transcription factors 

used for these experiments was not the same, but some are shared. For instance ASCL1, 

MYT1L, NEUROD1, NEUROG2 and BRN2 (also known as POU3F2) occur in at least 4 of 

the 7 published conversions. The set of the 9 highest-scoring TFs predicted by Mogrify for a 

conversion from dermal fibroblasts to neurons is: CUX2, SOX2, ZNF238, SOX9, FOSB, 

RFX4, BRN2, ARNT2 and MEF2C. This set includes BRN2 (shared by experiments) but 

both ASCL1 and MYT1L are absent. The reason they are absent is that Mogrify is designed 

to remove TFs from the list of predictions where their regulatory influence is redundant to a 

higher-ranked TF. In this instance NEUROD1, ASCL1, NEUROG2 and MYTL1 would be 

ranked third, fifth, sixth and 14th respectively but were removed due to redundancy to one of 

the top 4 predictions (CUX2, SOX2, ZNF238 and SOX9). It has been shown in other work 

looking at the roles of SOX2, NEUROD1 and NEUROG1 that SOX2 is sufficient for 

commitment to neural lineages22,23. Further to this, it has been demonstrated that SOX2 up-

regulates the expression of NEUROD1, which in turn down-regulates the expression of 

SOX2 in a negative-feedback loop during brain development24. CUX2 has been reported as 

the notch effector gene that regulates interneuron development by activating proneural TFs 

such as ASCL1, OLIG3 and NEUROG225. Thus, it would appear that CUX2 and SOX2 are 

higher order regulators for the neuron lineage that in turn activate those genes used in the 

published cell conversions.  

Fibroblast to Macrophage 

Trans-differentiation between fibroblasts and macrophages is facilitated by SPI1 with an 

increase in efficiency on addition of CEBPA26. By comparing these known factors with the 

Mogrify predictions (see figure 2) we see that SPI1 (also known as PU.1) is predicted as the 

top factor followed by MEF2A and MITF. It has previously been shown that MEF2A 

coordinates the behaviour of the CEBP family of TFs during differentiation in pigs27. This is 



another example of Mogrify identifying higher order regulators that are known to coordinate 

the behaviour of identified reprogramming genes. 

Comparison to other techniques 

There are few published techniques for producing ranked lists of TFs for a given cell type. 

However, as part of FANTOM5, two other approaches were applied to the data: Motif 

Activity Response Analysis (MARA), which looks for correlation in expression for all of the 

genes which contain a transcription factors binding site and a gene expression enrichment 

metric, which looks at how specific the expression of a transcription factor is to each cell 

type14. A comparison to these techniques gives some indication of Mogrify's performance. 

The results from ranking the required TFs for five known conversions are shown in Table 2.  

 

Although Mogrify does not perfectly predict the known TFs (i.e. always being ranked at the 

top), it performs much better than both of the other techniques in all of the 5 well known 

trans-differentiations, with the exception of MEF2C in the heart example; MARA ranks it in 

1st position and Mogrify in 8th position. In this test, Mogrify would have predicted the correct 

factors in the top ten for each of the known conversions and in the majority of cases in the 

top 3 ranked positions. 

 

Since Mogrify combines network information from STRING and MARA as well as using gene 

expression data to calculate the TF ranking it is useful to compare the results of using each 

individual information source separately (see table 2). The results show that the combination 

is much more powerful than using each source separately. This is likely to be because of the 

different aspects of biology that each source reflects. MARA provides TF-DNA interactions, 

STRING many interactions/associations between proteins, and the gene expression data 

provides the specificity of each gene. When these data sources are combined a much more 

complete picture of the cell identity is achieved than only considering each data source 

alone. Whilst no weighting of the techniques is applied in Mogrify the predictions made in 

each case are converted to ranks and these are compared. 

Validation with experimental results 

Attempts have been made to experimentally test sets of TFs for cell conversion in a high 

throughput way. For instance in Shin et al.28 the authors developed a screening technique 

that attempts to randomly test the ability of different sets of TFs at converting fibroblasts to 

monocytes. These results provide a dataset linking different combinations of TFs with the 

number of marker genes activated. We assume that the number of expressed marker genes 

is correlated with the success of the conversion. As a result the Spearman’s rank correlation 



between the scores provided by each technique for a given set of TFs and the number of 

marker genes expressed in the experiment provides a comparison between techniques and 

a measure of their ability via experimental validation (See figure 3). 

 

The results show that Mogrify predictions correlate more closely with the marker gene 

expression (0.84) than transcription factor specificity (0.73). These correlations are based on 

combinations of a limited number of TFs that were selected by the authors of Shin et al.28. 

Since increasing the size of the TF set is correlated with the number of marker genes 

expressed, figure 3 also includes the correlation that can be achieved using just the number 

of TFs for comparison.  

Reprogramming Landscape 

Several attempts have been made to produce a cellular landscape29–31. These attempts 

have focused on one or two cell types and attempt to create a landscape based on path-

integral quasi-potentials, mechanistic modeling or probability landscapes. In this work we 

define a landscape based on the Mogrify predictions for TFs required for over-expression 

(see figure 4). Samples are grouped using the cell ontology terms provided by Forrest et al14. 

The ontology terms group samples at various levels in terms of their similarity, for example 

all fibroblast samples or all in-vitro samples. To create a landscape, the ontology terms are 

arranged using a multidimensional scaling of their average gene expression profiles. As a 

result, samples with similar expression profiles are close together in the x-y plane. The 

height of the landscape (shown using colour in figure 4a but rendered as textured landscape 

on the cover image and in more detail in supplementary figure 1) is calculated by first 

calculating which genes need to be activated in the target cell type and then calculating the 

proportion of these that appear in the local neighbourhood of each of the top ranking TFs 

(see methods). As such, target cell type where the top ranking TFs regulate most or all of 

the required genes are assumed to be those where TFs can have the greatest influence. As 

a result, areas on the landscape that are `high' are those that should be the easiest to 

convert. 

 

The landscape suggests that the two classes of cells that should be the easiest to convert 

into are embryonic stems cells and cells from the immune system. Cell types that can be 

found close to the `embryonic stem cell ridge' are predicted to be good potential sources of 

cells for iPS conversion. These cell types include fibroblasts, amniotic membrane cells, 

salivary acinar cells, blood/immune cells (in particular T-cells) and neuron/ neural stem cells. 

Each of these cell types with the exception of salivary acinar cells has already been the 

subject of study into the production of iPS32–36. Although these experiments do not 



conclusively prove that Mogrify finds the easiest donors from which to reach the stem-cell-

like state, they do confirm that the top predictions are viable. 

Untested cell conversions 

The landscape also highlights as yet untested cell conversions that Mogrify predicts to be 

the most plausible. Two such cell conversions are described below (many more can be 

found by exploring www.Mogrify.net). 

The first example of a putative cell conversion is between endothelial cells of the vein and 

astrocytes, for which the top four predicted TFs were SOX2, SOX9, SNAI2 and ARNT2. 

According to the landscape, these cell types have similar expression profiles and the 

predictions contain TFs that regulate many of the required genes. Both SOX2 and SOX9 are 

already known to promote differentiation towards astrocytes and inhibit neurogenesis during 

normal brain development37,38.  

The second promising putative conversion is between lymphatic vessel fibroblast and renal 

mesangial cells. This conversion is predicted to require PAX8, PAX2, HOXA7 and FOXD1. It 

has been previously shown that PAX8 and PAX2 are both required for the mesenchymal-

epithelial transitions during nephric duct formation39. FOXD1 modulates the formation of 

discrete sections in the kidney, with FOXD1 negative mutant mice having no discrete kidney 

cell type zones and pelvic fused kidneys40. 

Online resource for cell conversion 

Mogrify has been run on conversions between all possible combinations of FANTOM 

libraries resulting in 393,792 pairwise conversions. These are provided to the community 

online with an interface designed to facilitate their exploration (www.Mogrify.net), with the 

intention of making the predictions and algorithm as accessible as possible to researchers in 

the field. Website users can choose to explore the results in three different ways: by 

selecting a particular conversion of interest; by selecting a particular TF of interest; or lastly 

by exploring the landscape of all predictions. For instance a user who is interested in cell 

conversions between fibroblast and retinal pigment epithelial cells could select this transition 

from the main page and would be presented with a list of predicted TFs, a network showing 

how these TFs are related and a graph showing the regulatory coverage of the required 

genes (see supplementary figure 4). It is then possible to enter the set of TF clones that the 

user has at their disposal, and Mogrify will display the optimal set of TFs from those 

available. If there are experimental indications that some TFs are not favourable, this can be 

entered into the website allowing Mogrify to update its predictions for that conversion on the 



strength of those results. So Mogrify can be used as a practical tool to both begin and iterate 

an experimental programme based on available materials and outcomes. 

There is a space on every prediction page on the Mogrify website where users are invited to 

leave comments, so that discussion between groups working on (or expert in) the same or 

similar conversions can share their knowledge or progress. 

Conclusions 

This is the first predictor of its kind, accurately predicting TFs whose over-expression will 

induce directed cell conversion. The extent of the data collected by FANTOM5 also means 

that a huge number of predictions can be made, allowing for the first time, a cell 

reprogramming landscape to be drawn. The predictions are provided online via an interface 

to guide experimentation and for exploration of the cellular landscape. It is hoped that this 

will stimulate many more successful trans-differentiations. Whilst it is highly unlikely that all 

of the predictions made by Mogrify are correct, it provides an intelligent system for taking 

advantage of the rich FANTOM data. The field of cell conversion is already exploring small-

molecule41 and RNA42,43 induced cell conversions and the inclusion of these data types is an 

immediate priority for release in Mogrify. At present the major challenge to progress the field 

is in increasing the number of successful cell conversions so that a better understanding of 

the process can be achieved. This resource will play a role in allowing that to happen, 

consequently enabling refinement in the method. 
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Online Methods 
The basic hypothesis behind Mogrify (outlined in figure 5) comes from the fact that each cell 

contains the same DNA sequence. This means that the underlying network of potential 

interactions is the same for each cell. It follows then that the difference between two cell 

types is defined by which parts of this underlying network are being used.  

 

Mogrify consists of a number of steps, which are outlined below and are described in more 

depth in the following sections: 

1. Collect expression data for each gene (x) in each sample (s). 

 

2. Calculate the differential expression against a tree-based background for each gene in 

each sample then combine the log fold change (Lxs) and adjusted P- value (Pxs) to a gene 

score (Gxs). 

 

3. For each TF (x) in each sample calculate the network score (NS) by performing a weighted 

sum of gene scores over two different sub networks (NxsMARA and NxsSTRING) centered on each 

TF. 

 

4. Rank TFs based on a combination of Gxs  and Nxs  scores. 

 

5. Calculate the set of transcription factors for a conversion between any two cell types 

based on comparisons of ranked lists from each cell type. 



 

6. Remove transcriptionally redundant TFs from the lists. 

 

7. Create a cell conversion landscape by arranging the cell types on a 2D plane based on 

their required TFs and add a height based on the average coverage of the required genes 

that are directly regulated by the TFs selected. 

 

Step 1: Expression data taken from FANTOM5 dataset. 
Mogrify uses 705 libraries (187 tissue libraries and 518 primary cells) of clustered CAGE 

tags, which provide the TSS locations. These are mapped to their corresponding genes 

(provided by the FANTOM5 consortium14). This data is used to create tag counts for each 

gene in each library. In total there are 15,878 distinct genes (of which 1408 are TFs) 

expressed with at least 20 TPM in at least one sample. (See www.Mogrify.net for more 

details of the libraries analysed). 

Step 2: Tree-based differential expression 

Calculating differential expression is a common problem when analysing biological data and 

a number of techniques exist to do this (for a review see46,47). We elected to use DESeq48 for 

this work as it performs well in benchmark evaluations49, it allows analysis of some non-

replicated datasets and has a short runtime. In order to calculate differential expression, it is 

necessary to identify two groups; the set of samples you wish to identify differential 

expression in and the background to compare against. The problem of selecting the correct 

background is important. Too many irrelevant samples can reduce the statistical power of 

the test. Too narrow or too few samples in the background makes it impossible to tell which 

genes are truly differentially expressed. One solution is to perform an exhaustive calculation 

of pairwise tests between each of the cell types. This approach has two problems: firstly it is 

very computationally expensive and secondly it does not reveal the genes that are 

differentially expressed between a sample and an average background, but rather 

specifically between two samples. For Mogrify we are interested in the genes that are 

important for a given cell type in all situations and hence against a collection of samples. In 

order to do this we implemented a tree-based background selection method based on the 

FANTOM5 cell ontology14 (see figure 6). The principle of this approach is to exclude cell 

types whose ontologies are very close whilst including others that are near in the tree to the 

background. This was achieved by picking a point near to the top of the tree that would act 

as the breaking point. Samples in the same clade as the cell type being analysed were 

removed and those not in the same clade, but still below this point, were included. The result 



of this is a set of samples that is broad enough to give reliable results but narrow enough 

that the statistical power is kept at a manageable level. 

This tree-based background selection for DEseq is run on all FANTOM 5 libraries (grouped 

by replicates) creating log-fold changes and FDR adjusted p-values for each gene in each 

sample. Because there is non-uniform background, the results of each differential 

expression calculation are not directly comparable, hence for the remaining steps, these 

figures are used to rank genes in each sample and it is the rankings that are compared.  

 

Since we are only interested in identifying TFs with a high level of influence, we convert the 

log fold change and FDR adjusted P-values to a single positive score (Gxs) using the following 

equation: 

Eq 1: Gxs   =    |Lxs|(−log10Px
s) 

where  

● Lxs  is the log-fold change of gene x in sample s. 

●  Pxs  is the adjusted p-value of gene xin sample s. 

The formula ensures that those genes with high log-fold changes and a low adjusted P-value 

score very highly and vice versa. This is applied to every gene in each sample creating a 

705 sample by 15878 genes matrix of differential expression. 

 

Step 3: Calculate a TF’s network-based sphere of influence. 
In order to assess the importance of each TF, its effect on its local neighborhood is 

calculated using two sources of network information: the STRING database62 and Motif 

Activity Response Analysis (MARA)44. These two techniques, described below, contain 

different types of interactions.  

MARA provides Protein-DNA interactions between TFs with known binding sites in the 

promoter regions of a gene. This represents a low-level directed regulatory network of 

interactions.  

STRING is a meta-database of interactions that contain various types of interactions 

including PROTEIN-PROTEIN, PROTEIN-DNA, PROTEIN-RNA as well as biological 

pathways. This provides a view of the interactions that takes place both directly and 

indirectly affecting gene expression.  

In order to calculate the influence, a weighted sum of gene influences (from step 2) is 

performed over a transcription factors local network neighbourhood. This local network is 

constrained to a maximum of 3 edges and the effect of each node diminishes the further 



from the seed TF it is located and depending on the out degree of its parent. (see figure 7 for 

a description). 

The equation to perform this weighted sum is: 

Equation 2:  Nx,ns = Grss
rϵVx . 1

Lr,n
. 1
Or,n

 

where: 

● xϵVxis each gene (r) in the set of nodes (Vx) that make up the local sub-network of 

TF x. 

● Lr,n  is the level (or number of steps) r is away from x in the network n.  

● Lr,n   is the degree of the parent of r in the network n.  

 

This is performed over both the MARA and STRING networks resulting in two TF-influence 

lists (Nx,MARAs  and Nx,STRINGs ). 

 

     

Step 4: Rank the TFs based on the results of Step 2 and 3. 
The result of steps 3 and 4 are three ranked TF lists for each sample based on Gxs , Nx,MARAs  

and Nx,STRINGs . To get the final ranking of each TF in each sample, it’s rank in each of the 

three lists is added together. Ranks are limited to a maximum of 100 as we found empirically 

that after the top 100 TFs the remaining regulatory influence was very small. If a TF doesn’t 

appear in a particular list then it is given a score of 100. The result of this is a single ranked 

list of TFs for each cell type; those with the lowest score/rank are those predicted to facilitate 

a cell conversion. 

 

Step 5: Compute all pairwise experiment comparisons to create predictions 

In order to predict the set of TFs for a given conversion the ranked lists from the source and 

target cell type are compared. If a TF from the target cell type list is already expressed in the 

source target (greater than 20 TPM) then it is removed from the list.  

 

Step 6: Remove transcriptionally redundant TFs. 
Once the final ranking is complete, regulatory redundancy is removed. This is achieved by 

comparing the lists of genes that each of the TFs directly regulates. For a given TF, if there 

exists a higher-ranking TF that regulates over 98% of the genes that it would regulate, then it 

is removed. This means that the resulting predictions include TFs that are diverse in their 

regulatory sphere of influence. 

 



Step 7: Create a cell reprogramming landscape based on steps 1-6. 
The reprogramming landscape is produced in two phases. Firstly the x-y coordinate of a cell 

type is defined by clustering expression profiles in 2D space using a multi dimensional 

scaling algorithm. This results in cell types with similar average gene expression profiles 

clustering close to each other within the x-y plane.  

The z value (height) for each cell type is the calculated using number of required genes that 

are regulated by the set of TFs predicted for each conversion. This means that cell types 

that have many genes that have no known regulatory control will be lower in the landscape 

as they represent the cell types that have the least confidence of being reached. 

 

Experimental	
  design	
  for	
  screening	
  experiment	
  
	
  
Fibroblast cells were transduced with viral vectors containing 18 monocyte-enriched 
transcriptional modulators. The stochastic nature of viral infection ensured that different sets 
of TFs entered each cell. The resulting cells were cultured before being FACS sorted using 
two monocyte specific cell surface markers (CD14 and HLA-DR). Following this, a nested-
single-cell-polymerase chain reaction was used to identify the sets of TFs that were acquired 
by each cell, as well as the presence/absence of a set of 17 monocyte marker genes. 
 

	
  


