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Supplemental Methods and Analysis 
 

SMA1. Generating the human-mouse orthologous occupancy profiles  

SMA1.1. Rationale for TF selection 

In this study, a diverse panel of TFs were chosen including those that bind DNA through 

specific consensus sequences, comprise part of the general transcriptional machinery 

such as RNA polymerase 2 (POL2), and modify or remodel chromatin (Details in 

Supplementary Table 1). For simplicity we refer to the entire collection as TFs, even 

though some are general factors. The new datasets reported here cover 100Mb (3%) and 

85Mb (3%) of the human and mouse genomes respectively, and represent the largest 

collection of orthologous TFs occupancy repertoires between human and mouse to date. 

The screenshot of the ChIP-seq signal tracks are included in Supplementary Fig. 1. 

The 34 TFs in the final list were chosen based on both unbiased representative selection 

and technical feasibility. All together, we tested 99 antibodies in all the four cell lines.  43 

of them passed our antibody validation standard by western blot in at least one pair of 

human and mouse cell lines. Among the 43 TFs, the ChIP-seq results in 9 TFs could not 

meet the signal to noise ratio threshold set by ENCODE project.  Thus, the 34 TFs in the 

final list were chosen based on both unbiased representative selection and technical 

feasibility. 

 

SMA1.2. Peak call threshold (IDR vs FDR) 

One challenge when conducting ChIP-Seq comparisons across different TFs and species 

is setting peak-calling thresholds. Some studies rely on the FDR threshold based on the 

control data.  However, a single empirical FDR threshold cannot be used for all different 

types of TFs across different sequencing depths. For the exact same ChIP dataset, if we 

change the sequencing depth of the control, for the same FDR threshold, the numbers of 

peaks passing the FDR threshold change dramatically. This makes it extremely difficult 

to use for automated analyses across large collections of datasets without explicit manual 

tuning. In contrast, IDR does not rely on thresholds based on the absolute value of the 

enrichment scores (FDR or signal strength) of peaks. Rather it looks for rank consistency 
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of peaks. It is largely immune to changes in sequencing depth of the control as well as the 

relative strength of different antibodies. Thus, IDR is more suitable to be used as a 

consistent threshold for large TF data sets and was used in our study. For a basic 

introduction to IDR please see 

http://www.personal.psu.edu/users/q/u/qul12/IDR101.pdf.  For a detailed exposition, 

please see http://projecteuclid.org/euclid.aoas/1318514284. 

 
SMA1.3. Rationale for using cell lines 

Cell lines were used in this study because very large numbers of cells can be grown and 

treated in an identical fashion, and the cell lines represent relatively pure cell populations, 

whereas obtaining such purity from tissues or primary cells usually requires 

microdissection or fractionation by FACS. Each ChIP-seq assay (two replicates) 

conducted in this project used 100 million cells. It would be extremely difficult to obtain 

this amount of cells from primary cells/tissues for all the 34 TFs covered in this project. 

We note that previous comparative studies on TF binding examined a small number of 

factors in liver, which is one of the larger organs but is comprised of multiple cell types. 

Also, despite their utility, caveats also apply to the interpretation of data from primary 

cells or ex vivo expanded cells. For example, some isolation protocols induce stress 

response genes, and the expression patterns can change with passage. Such limitations 

can make it difficult to obtain consistent and reproducible results.  

Another important point in our choice of cell lines is that not only did we want to 

generate these large datasets on the mapping of 34 TFs, but we also wanted to integrate 

the TF occupancy profiles with other functional genomics information like DNase I 

hypersensitive sites, chromatin modification states and DNA methylation profiles. Again, 

having enough cells so that all the assays are generated from the same type of cells was 

critical for the integrated analysis.  

 

SMA1.4 Function similarity between human and mouse model cell lines 

To further ensure that the cell lines we chose are analogous between the two species and 

do not differ on a global scale from primary cells. We used two approaches to examine 

the function similarity between the model cell lines used in this project. 
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1) Gene expression: RNA-seq for human and mouse cell lines and tissues were 

processed by the same pipeline1.  FPKMs for each experiment were further 

normalized by quantile normalization. Cell types or tissues were clustered based on 

the expression level of 1vs1 orthologous genes. In order to generated tissue based 

cluster, genes showed significantly difference between the two species were removed.  

Hierarchical cluster was generated using hclust function in R (supplementary Fig. 2a).   

2) Chromatin State: Chromatin states clustering analysis of the 15 mouse tissues and 

three human cells were conducted as described1, basically, species-normalized 

chromatin activeness for each 1 vs 1 orthologous gene neighborhood were computed 

and used to cluster cells/tissues by hierarchical clustering (supplementary Fig. 2b). 

 

SMA1.5. Consistency between cell lines results and embryonic stem cells 

To further examine how robust are the results based on cell lines study, we generated five 

pairs of ChIP-seq data using human and mouse embryonic stem cells.  As show in 

supplementary Fig. 3a, TF OSs in embryonic stem cells have similar genomic distribution 

as those in cell lines. TF OSs near promoter regions show higher level of occupancy 

conservation in primary cells compared with distal regions (supplementary Fig.3b).  

More important, TF OSs utilized by multiple tissues also tend to be occupancy conserved 

in embryonic stem cells (supplementary Fig.3c). Thus, the main conclusions that we draw 

based on experiments using cell lines are also supported by results using embryonic stem 

cells.  

 

SMA1.6 TF protein sequences conservation 

We examined TF evolutionary rates at the protein sequence level.  We used the ratio of 

the number of nonsynonymous substitutions per non-synonymous site (Ka) to the number 

of synonymous substitutions per synonymous site (Ks) to estimate the selective pressure. 

As shown in supplementary Fig. 3, TFs generally have lower Ka/Ks compared with other 

human-mouse orthologous genes (median 0.07 vs 0.14, p-value < 2.2e-16 two-tail t-test), 

indicating that they are under negative selection.  The TFs chosen in this project have 

been well studied in both human and mouse because of their important regulatory 

function, and not surprisingly, they have an even lower Ka/Ks ratio (median 0.04). We 
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further compared the functional domains TFs between human and mouse and found that 

both the functional domain compositions and amino acid sequences in the domains are 

almost identical in the two species.  

 

SMA1.7 TFs with markedly different peak numbers between human and mouse 

In order to minimize the difference introduced by technique, we thoroughly tested and 

validate ChIP-Seq antibodies, processed data with uniform pipeline. As a result, most the 

ChIP-Seq assays have similar total number of peaks between the two species.   However, 

we do observed a few exceptions. E2F4, GATA1, JUND, MAFK and RDBP show 

markedly different peak numbers in erythroid progenitor cells; PAX5 and KAT2A in 

lymphoblast cells also have significantly difference peaks numbers.  

We first examined the protein conservation of those TFs. We find that all those TFs show 

high level of protein conservation (SMA1.5). In addition, there is no correlation between 

peaks numbers difference and protein sequence conservation. Thus, protein sequences 

difference is not the reason for the observed peak number difference. We next examined 

the gene expression level of those TFs. Overall, TF expression in the same cell type show 

higher similarity than that in the same species. We find TFs show markedly different 

peaks tend to have different expression level between the two species.  For example, the 

expression level for GATA1 expression level is about twice higher in mouse compared 

with those in human (20 vs 12).  MAFK expression level in MEL is only less than 1/10 of 

that in K562 (0.3 vs 3.7).  Thus, the different peak numbers for those TFs are likely to be 

caused by the different TF expression level. Other TFs, such E2F4 (MEL vs K562), 

KAT2A (CH12 vs GM12878) and PAX5 (CH12 vs GM12878) do have similar 

expression level in two species. One explanation is that TF occupancy is usually 

determined not only by the TF itself but also by its co-factors. Thus, the number of TF 

OSs cannot always be predicted accurately just from the abundance of the TF. Another 

possible explanation is that the actual TF concentration in nuclei can be different from the 

total RNA level examined by RNA-seq using whole cells. 

 

SMA2. Many general features of TF occupied sequences are well conserved between 

human and mouse 
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SMA2.1. Defining different genomic locations 

Transcription start sites (TSSs) were defined by ENCOCDE consortium1. Promoter 

regions were defined as 2kb upstream and downstream of the TSSs. Distal regions were 

defined as 10kb away from TSSs. The rest genomic regions were defined as middle 

regions. All the three genomic locations are exclusive to each other and the priority 

during the definition is promoter, distal and middle. Each TF OS was assigned to one and 

only one the genomic location. If TF OS overlapped with multiple regions, the center of 

the OSs was used to define which region to assign.  

 

SMA2.2. Motif finding 
To compare human and mouse regulatory networks, we applied the de novo motif 

discovery approach that we developed previously2, and obtained a list of high-confidence 

sequence motifs using the ChIP-Seq datasets in human K562 cells and mouse MEL cells.  

For each ChIP-Seq dataset, we asked our computational pipeline to report up to five 

significant motifs. Typically one of the motifs is the canonical motif of the TF, reflecting 

its DNA-binding specificity, and we call this the primary motif. If the TF does not have a 

DNA binding domain, we define the strongest motif as its primary motif. We call the 

remaining motifs secondary motifs. When the primary motifs of a pair of orthologous 

TFs are compared, they are either “conserved” or “not conserved” based on whether the 

similarity between them passes cutoff 1e-5. Because a TF may have multiple secondary 

motifs, the secondary motifs of two orthologous TFs are “partly conserved” if a subset, 

but not all, of the motifs are conserved. When neither the human TF nor the mouse TF 

has a secondary motif, we assign the situation as motif “not available”.  

In order to examine if those secondary motifs have real biology meaning instead of noise, 

we compared those sequences to the consensus motifs of other TFs. As shown in 

following table, many of them turned out to be the consensus motif of known TFs.  The 

co-localization among TFs identified by primary motif and secondary motifs are also 

supported by previous publications. For example, the predicted interaction between 

human JUND and GATA1 (the secondary motif) was consistent with previous 

publication3.  Lack of secondary motif found from mouse JUND OSs was also consisted 

with the fact that mouse JUND was known to interact much fewer proteins than JUND in 
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human4. The conserved secondary motifs NF-E2 in MAFK OSs also supported by the 

previous observation that MAFK can form a heterodimer with the P45 subunit of NFE2 5. 
 
 Primary motifs Secondary motifs 
 Human Mouse Human Mouse 
BHLHE40 BHLHE40 BHLHE40  GATA1 
CHD2 UA1 UA1 ZNF143 NFY 
CTCF CTCF CTCF   
E2F4 E2F4 E2F4 NFY; SP-1; 

NRF1 
ZNF-143; NFY; 
NRF1 

GATA1 GATA1 GATA1 TAL1 ETS1 
JUND AP-1  GATA1  
MAFK v-MAF  NFE2 NFE2 
MAX MAX MAX USF; ELF1; 

SP-1 
USF 

MAZ MAZ MAZ CTCF; CREB; 
ELF1 

 

MXI1 MAX MAX RFX5; SP1  
MYC MYC MYC YY1  
P300 GATA1 GATA1 PU.1; AP-1 PU.1; RUNX1 
RAD21 CTCF CTCF   
RCOR1 GATA1 GATA1 GFX1; AP-1 PU.1; RUNX1 
RDBP TBP NRF1   
SMC3 CTCF CTCF   
TAL1 GATA1 GATA1   
TBP TBP TBP SP1 A-box 
UBTF     
USF2 USF USF NFY; YY1 SP-1; NFY 
 
 
SMA2.3. ChromHMM 
ChromHMM was applied on the ChIP-Seq data of five histone modifications to learn a 

multivariate HMM model for segmentation of mapped genome in each cell type. 

Specifically, the ChIP-Seq mapped reads were first pooled from replicates for each of the 

five histone modifications (H3K4me3, H3K4me1, H3K36me3, H3K27ac and 

H3K27me3). These mapped reads were first processed by ChromHMM into binarized 

data in every 200 bp window over the entire mapped genome, with ChIP “input” reads as 

the background control. To learn the model jointly from mouse and human, a pseudo 

genome table was first constructed by concatenating mouse mm9 table and human hg19 

table, then the model was learned from the binarized data in all 4 cell lines, giving a 
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single model with a common set of emission parameters and transition parameters, which 

was then used to produce segmentations in all cell types based on the most likely state 

assignment of the model. We tried models with up to 20 states and selected an eight-

state-model as it appeared most parsimonious in the sense that all eight states had clearly 

distinct emission properties, while the interpretability of distinction between states in 

models with additional states was less clear. 

 
SMA2.4 MeDIP-seq and MRE-seq 
MeDIP-Seq and MRE-Seq experiments were performed as previously described6. The 

reads were aligned to hg19 and mm9 using BWA7. MRE-seq reads were further 

normalized for difference in enzyme efficiency.  

 

SMA3. TF specific and location specific occupancy conservation 

SMA3.1. TF OSs sequence constraint 
phyloP wiggle track were downloaded from UCSC browser. Specifically, hg19 

phyloP46way track was used for human and mm9 phyloP30way track was used for 

mouse. This average phyloP score were calculated at 1 base resolution in 200bp regions 

centered on the summit of TF peaks.  

 
SMA3.2. Mapping reciprocal orthologous sequences between human and mouse 
Orthologous DNA sequences between human and mouse were mapped by bnMapper 

(https://bitbucket.org/james_taylor/bx-python/wiki/bnMapper) using reciprocal chain 

with default setting (bnMapper.py -f BED12).   

 
SMA3.3. Defining occupancy conserved TF OS and occupancy conservation level 

For a given TF OS, if 1) It has reciprocal orthologous sequence in other species 2) The 

orthologous sequence has at least one base overlap with the binding regions of the same 

TF in the other species, this TF OS is defined as occupancy conserved TF OS.  For a 

given TF, its occupancy conservation level was defined as the:  

#  𝑜𝑓  occupancy  conserved  TF  OSs
#  of  total  TF  OSs  

 

 
SMA3.4. Occupancy conservation of TFs with markedly different peak numbers 
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To account for possible biases, we performed two related analyses. Since DNA sequences 

at promoters tend to be more conserved, we adjusted the occupancy conservation by the 

local sequence conservation difference (see Extended Data Fig. 4a).  

For most of the TFs examined, the occupancy conservation level for the same TF is 

highly correlated between the two species. However, as described in SMA1.7, there are a 

few TFs show markedly different total binding peaks between the two species. Since we 

used the ratio between occupancy conserved peaks and total peaks to calculate the 

occupancy conservation level, specie with fewer peaks tends to have relative higher 

occupancy conservation level compared with species with more peaks. In order to avoid 

extremely high or low occupancy conservation level introduced by this peak number 

difference. We excluded those TFs and redid the analysis. As showed in Extended data 

Fig. 5b, our conclusion that the level of occupancy conservation differed both among TFs 

and with genomic location relative to the TSS still hold true.   

 
 
SMA 4. Divergence of TF occupancy is associated with changes of epigenetic signals   

SMA4.1. Comparing histone modification between TF OSs and orthologous 

sequences.  

For a given TF binding sequences, the orthologous sequences in the other species were 

mapped as describe in SMA3.2. Each TF OS and its orthologous sequences are assigned 

to one and only one chromatin state. If given TF OS overlap with multiple states, it is 

assigned to the states that covered the largest proportion of the sequence.  

 
 
SMA4.2. Comparing DNA methylation level between TF OSs and orthologous 

sequences.  

For each TF OS, we first calculated the MeDIP-seq signal in the 100bp window centered 

on the summit of the peak.  We then calculated the MeDIP-seq signal in TF OS 

orthologous sequences using MeDIP-seq in the orthologous cell line. Orthologous 

sequences with large insertions (>100bp) or deletions (>50bp) were removed. MeDIP-seq 

signals were further normalized by 1) total number of MeDIP-seq reads 2) the length of 

the sequences 3) the number of CpG per region.  
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𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  𝑟𝑒𝑎𝑑𝑠  𝑖𝑛  𝑟𝑒𝑔𝑖𝑜𝑛  

𝑇𝑜𝑡𝑎𝑙  𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  𝑟𝑒𝑎𝑑𝑠 ∗ 𝑙𝑒𝑛𝑔ℎ  𝑜𝑓  𝑠𝑒𝑞𝑒𝑢𝑛𝑐𝑒𝑠 ∗ #  𝑜𝑓  𝐶𝑝𝐺 

 
 
SMA 5. Conservation of occupancy is associated with activity in multiple tissues     

 

SMA5.1. Calculating diversity index 

All TF OSs were merged into non-overlap genomic regions.  For chromatin accessibility 

calculation, DHSs narrowPeaks files were downloaded from 

http://www.genome.ucsc.edu/ENCODE/. Accessibility of a given binding regions was 

presented by the signal of DHS narrowPeak located in this region. If there are multiple 

DHS narrowpeaks located within one binding region, the highest signal was chosen.  For 

enhancer activity calculation, normalized H3K27ac ChIP-Seq signals 

(𝑅𝑒𝑎𝑑𝑠  𝑙𝑜𝑐𝑎𝑡𝑒𝑑  𝑖𝑛  𝑡ℎ𝑒  𝑔𝑖𝑣𝑒𝑛  𝑟𝑒𝑔𝑖𝑜𝑛/ 𝑇𝑜𝑡𝑎𝑙  𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  𝑟𝑒𝑎𝑑𝑠) within +/- 50bp of 

the peak summits were used.  Shannon Diversity was calculated using Vegan package 8in 

R.   

 

 
SMA5.2. Mouse transgenic enhancer assay 

We randomly picked 10 binding regions from the GATA1 OSs that were occupancy 

conserved between human K562 cell and mouse MEL cells. The human sequences of 

those 10 binding regions were used in the mouse transgenic enhancer assay. The 

enhancer assay was conducted as described before9. Other in vivo enhancer assay results 

were downloaded from VISTA Enhancer Browser10.  

 

SMA5.3. GO enrichment for genes regulated by occupancy conserved TF OSs 

GO enrichment analysis were conducted by using GREAT11 with default setting.  The 

result showed that the functions of occupancy conserved TF OSs target genes are highly 

conserved between human and mouse (Supplementary Fig. 4). Those functions include 

both general biological processes, such as metabolic process (CTCF OSs in all the four 

cell lines) and cell cycle (E2F4 OSs in all four cell lines), and tissue-specific functions, 
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such as immune system process (EP300 and IRF4 OSs in GM12878 and CH12) and 

erythrocyte differentiation (GATA1 OSs in MEL and K562). All the enriched GO 

categories for each TF in all the four cell lines are listed in Supplementary Table 6.  

 

SMA 6: Conservation and diversity of TFs co-association 

SMA6.1. Number of TFs associated with each binding region 

OSs for different TFs were first merged into non-overlap genomic regions. If the binding 

region and its orthologous sequences are occupied by at least one orthologous TF, the 

regions are defined as occupancy conserved regions. The number of TFs associated with 

each binding region is defined by the number ChIP-Seq peaks that overlapped with the 

binding region. Multiple ChIP-Seq peaks from the same TF are count only as one.    

 

SMA6.2. Significance of pair-wise TF co-association 

In order to examine the significance of pair-wise TF association, we first calculated the 

number of regions that overlap between peaks of two TFs (A and B). We next generated 

500 sets of pseudo ChIP-Seq peaks that have similar peaks length and genomic 

distribution as TF B binding peaks.   We then calculated the number of overlapped peaks 

between TF A binding peaks and each pseudo peak set. The overlapped peak numbers 

between TF A and the 500 pseudo sets were used as the background distribution.  The 

actual overlap number was then compared with the background distribution and its Z-

score was used to represent the significance of the overlap.   

  

SMA6.3. TF OSs occupancy conservation and association  

In order to examine the conditional occupancy conservation between TF A and B, we 

first divided TF A binding peaks into two categories: 1) Binding peaks overlapped with 

TF B peaks; 2) Binding peaks not overlapped with TF B peaks. In each category, we 

further divided the peaks into two subgroups according to the occupancy conservation 

status.  1) Occupancy conserved. 2) Occupancy not conserved.   Two-side Fisher's exact 

test was used to test the significance of the association between occupancy conservation 

and TF co-association.  This test was then applied to every pair-wise TF association. P-

value was further adjusted by BH procedure. 
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SMA 7: Functional SNVs are significantly enriched in occupancy conserved TF OSs 

 

SMA7.1. RegulomeDB SNV and occupancy conservation 

SNPs assigned with pre-calculated regulatory potentials were downloaded from 

http://www.regulomedb.org/downloads. We then calculated the number of SNPs with 

high regulatory potentials located within occupancy conserved TF OSs and non-

conversed TF OSs.  For background calculation, we downloaded Common SNPs (138) 

from UCSC genome table browser track and also calculated the overall common SNPs 

distribution within occupancy conserved TF OSs and human specific TF OSs. Fisher’s 

exact test was conducted to examine the significance of enrichment.  

  

SMA7.2. GWAS SNPs and occupancy conservation 

GWAS catalog file was downloaded from 

(http://www.genome.gov/admin/gwascatalog.txt) in Feb 2013. CEU SNPs linkage data 

were downloaded from hapmap. GWAS SNPs were defined as lead SNPs. For each lead 

SNP, we further located SNPs in linkage disequilibrium (LD) (r2 > 0.9). If either the lead 

SNP or linked SNPs in high LD are located within a TF OS, we assigned the lead SNP to 

this TF OS. Lead SNPs that overlapped with exons were further removed. For each lead 

SNPs, if either the SNP itself or the LD SNPs are located within a given TF OS, it was 

assigned to that TF OS.  Lead SNPs that can be assigned to multiple TF OSs were 

removed. Altogether, 1916 and 2231 lead SNPs were assigned to TF binding regions in 

the GM12878 and K562 cell lines, respectively. 734 (38.3%) and 639 (28.6%) reside in 

occupancy conserved TF OSs. Compared with the background distribution of all dbSNPs, 

GWAS SNPs are significantly enriched in occupancy conserved TF OSs (p-value < 2.2e-

16 Fisher's Exact Test). For each phenotype, we calculated the number of its associated 

SNPs in occupancy conserved TF OSs and non-conversed TF OSs. We used the 

distribution of all common SNPs as the background. The significance of enrichment was 

calculated by two-side Fisher’s exact test.  
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Supplemental Tables 
 

Table S1. Functions of examined TFs 

This table lists all the TFs examined this study. In total, there are 34 TFs.  23 are 

sequence-specific TFs (highlighted in pink), 6 are chromatin-associated factors 

(highlighted in blue), and 5 are general factors associated with POL2 or POL3 

(highlighted in orange). Data from the Luscombe lab census of human transcription 

factors12 was used to classify TFs into families based on the presence of DNA binding 

domains. The functions and disease association features were collected from GeneCards 

(www.genecards.org). 

 

Table S2. Extended information for ChIP-Seq 

This table lists all the ChIP-Seq experiments conducted in this study. In total, there are 55 

datasets for mouse and 60 datasets for human. Each dataset contain at least two 

replicates. ChIP-Seq using the same TF and same cell lines from different institutes were 

merged in the analysis.  Column A lists all the individual replicates; Column B lists all 

the dataset; Column C and D list the TF and cell line name. Column E is the ENCODE 

antibody ID and Column F is the actual antibody catalog.   Column G and H are the 

ChIP-Seq quality information for each replicates. Column I, J and K are the access ID to 

different database. NSC is Normalized Strand Cross-correlation and RSC is Relative 

Cross Correlation Coefficient. Both were used to measure the signal to noise ratio in the 

ChIP-Seq assay13. 

 

Table S3. TF peaks and occupancy conserved TF peaks  

This table lists both total and occupancy conserved binding peaks in each genomic 

location. Column A is the TF name, Column B is the cell line name. Column C-E list the 

number of peaks in each of the three genomic locations. Column F-H list the number of 

occupancy conserved peaks in each of the three genomic location.  
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Table S4. Extended information for TFs 

This table lists the expression level, total peaks numbers and protein conservation for the 

TFs examined in this study.  Column B-E show the averaged expression level (FPKM) in 

each cell lines. Column F-I show the total number of binding peaks for each ChIP-Seq 

assay. TFs without ChIP-Seq information were labeled as “NA”. The last column shows 

the Ka/Ks of each TF. 

 

Table S5.  In vivo enhancer assay 

This table lists the in vivo enhancer assay results for different groups of GATA1 OSs. TF 

OSs highlighted by yellow are ten randomly picked occupancy conserved GATA1 OSs. 

The pink and blue highlighted regions are tested sequences deposited in Vista browser 

that overlapped with GATA1 OSs identified in this project. Pink ones overlapped with 

occupancy-conserved GATA1 OSs, blue ones overlapped with mouse specific GATA1 

OSs.  

 

Table S6. GO enrichment result for occupancy conserved TF OSs 

This table lists the functional enrichment of genes regulated by occupancy conserved TF 
OSs. The enrichment were calculated using GREAT (http://great.stanford.edu/) 
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Supplementary Figure 1 | Genome browser screenshot of ChIP-seq tracks. Y-axis of 
the track is normalized ChIP-seq signal. Each panel represents one cell line.	
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Supplementary Figure 2 | Function similarity between model cell lines. a. Cell 
types or tissues were clustered based on the expression level of 1vs1 human-mouse 
orthologous genes.  b. Chromatin states clustering analysis of the 15 mouse tissues and 
three human cells. 

 

 

Supplementary Figure 3 | TFs protein sequences conservation.  The boxplot 
represents the Ka/Ks distribution of human and mouse orthologous genes.  “non TFs” 
represents all 1:1 human and mouse orthologous genes that are not TFs. “All TFs” are all 
1:1 orthologous transcription factors. “Tested TFs” are the 32 TFs that were analyzed in 
this study. 
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Supplementary Figure 4 | GO enrichment for occupancy conserved TF OSs targeted 
genes.  Each panel shows the GO categories that are significantly enriched in occupancy-
conserved OSs of the given TF. Each row in the panel represent one GO category, each 
column represents one model cell line. If a given GO category show significantly 
enrichment, it is highlighted by black.  Otherwise, it is highlighted by white. 
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