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Abstract 

Deciphering cell identity genes is pivotal to understanding cell differentiation, de v elopment, and cell identity dysregulation involving diseases. 
Here, we introduce SCIG, a machine-learning method to unco v er cell identity genes in single cells. In alignment with recent reports that cell 
identity genes (CIGs) are regulated with unique epigenetic signatures, we found CIGs exhibit distinctive genetic sequence signatures, e.g. 
unique enrichment patterns of cis -regulatory elements. Using these genetic sequence signatures, along with gene expression information from 

single-cell RNA-seq data, SCIG unco v ers the identity genes of a cell without a need for comparison to other cells. CIG score defined by SCIG 

surpassed expression value in network analysis to reveal the master transcription factors (TFs) regulating cell identity. Applying SCIG to the 
human endothelial cell atlas re v ealed that the tissue microenvironment is a critical supplement to master TFs for cell identity refinement. SCIG 

is publicly a v ailable at https:// doi.org/ 10.5281/ z enodo.14726426 , offering a v aluable tool f or adv ancing cell differentiation, de v elopment, and 
regenerative medicine research. 
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very cell type possesses a distinct collection of several hun-
red or more cell identity genes (CIGs) governing its cellular
haracteristics. A recent curation work via thorough litera-
ure review suggested four categories of CIGs, including mas-
er transcription factors (TFs) whose expression is reported as
ufficient to induce a cell type, required TFs whose depletion
s reported to impair the differentiation toward a cell type,
unction genes reported to play a cell type-specific function,
nd marker genes that serve primarily to identify a specific
ell type [ 1 ]. A cell might express both its CIGs and many
ther gene categories such as housekeeping genes and heat
hock genes. Accurate expression of CIGs is essential for steer-
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ing cell differentiation and the development of tissues and or-
gans in living organisms. The CIGs of a cell comprise an in-
tricate gene regulatory network (GRN), where several master
TFs coordinate the expression of the CIGs [ 2–4 ]. For instance,
the expression program of pluripotent stem cells can be estab-
lished by the master TFs Oct4 , Sox2 , Klf4 , and c-Myc [ 5 , 6 ].
Cell differentiation from stem cells to somatic cell types, trans -
differentiation between somatic cell types, and reprogram-
ming from somatic cell types to stem cells are orchestrated by
their CIG regulatory networks, enabling a source cell type to
give rise to a specific target cell type [ 5 ]. This dynamic process
encompasses silencing and activating the CIGs of the source
and target cell types, respectively. Uncovering the CIGs of
025. Accepted: May 9, 2025 
c Acids Research. 
ons Attribution License (https: // creativecommons.org / licenses / by / 4.0 / ), 
provided the original work is properly cited. 

https://doi.org/10.1093/nar/gkaf431
\protect \unhbox \voidb@x \penalty \@M \ https://orcid.org/0000-0002-3367-2669
https://orcid.org/0000-0002-4551-8079
https://orcid.org/0000-0002-5032-7031
https://orcid.org/0000-0003-1009-4357
https://doi.org/10.5281/zenodo.14726426


2 Arulsamy et al. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

individual cell types is pivotal in regenerative medicine to fa-
cilitate the precise generation of desired target cell types from
a source cell type [ 7 , 8 ]. 

It is increasingly recognized that the same type of epige-
netic modification tends to display different patterns between
CIGs and most of the other expressed genes in the same
cell. For instance, the histone modification H3K4me3 tends
to display a broad enrichment pattern of ∼5–100 kb cover-
ing both the promoter and the gene body of a CIG, whereas
H3K4me3 tends to display a sharp enrichment in only ∼1 kb
promoter region at each of the other expressed genes [ 9 , 10 ].
It is also reported that CIGs tend to be regulated by super-
enhancers [ 6 , 11 ], which show a broad enrichment pattern
of the histone modification H3K4me1 and H3K27ac cover-
ing a long stretch of enhancers, while most other genes are
regulated by typical enhancers each displaying narrow en-
richment peaks of these histone modifications [ 9 , 10 ]. More-
over, CIGs tend to show the lowest RNA stability in the
cell because the m6A methyltransferase preferentially modi-
fies these RNAs in a co-transcriptional manner, likely guided
by chromatin features, such as the super-enhancers and broad
H3k4me3 modification [ 12 ]. Researchers have been able to
uncover CIGs in a cell type using these epigenetic profiles
[ 1 ]. However, generating these epigenetic profiles often en-
tails a substantial investment of time and resources. More-
over, profiling multiple histone modifications in parallel from
each single cell at the genome-wide scale is still a technologi-
cal challenge. Therefore, uncovering CIGs by their epigenetic
profiles, especially when applied to single-cell study, may be
limited due to the difficulty of generating the epigenetic profile
data. 

Uncovering CIGs solely based on their expression in a cell
also presents a great challenge since the expression level might
resemble those of many other genes such as the housekeeping
genes. Existing computation solutions often aim at defining
cell type-specific marker genes by comparison between cell
types at the bulk level or between cell clusters in a single-
cell RNA sequencing (scRNA-seq) dataset. These solutions are
not optimal because different CIGs display great differences
in the degree of expression specificity. For instance, c-Myc is
a well-known identity gene of embryonic stem cells (ESCs)
[ 5 ] but also expressed to regulate the identity or play func-
tions in some other cell types, such as fibroblasts [ 13 , 14 ] and
hematopoietic stem cell [ 15 , 16 ]. Cell identity is often gov-
erned by the cell type-specific combination of identity genes,
for which the combination is cell type-specific, but many CIGs
might be not strictly cell type-specific. Therefore, some CIGs
might be missed from the list of cell type-specific genes. Fur-
thermore, the defined cell type-specific genes for a cell type
may vary when compared to different sets of other cell types. It
is also a challenge to distinguish between cell type-specific and
experimental condition-specific genes, e.g. heat shock genes.
Other bioinformatics methods aim at constructing the gene
expression regulation network to define pivotal regulators [ 3 ].
This solution is yet not optimal for defining CIGs because the
gene regulation network may include both a sub-network of
CIGs and some sub-networks of other gene categories, e.g. cell
cycle genes, stress response genes, and genes for DNA dam-
age repair. It is yet a challenge to distinguish between these
sub-networks. Therefore, despite the widespread application
of scRNA-seq in recent years to define cell type-specific genes
or expression networks, there is no existing method that em-
ploys a single-cell transcriptome to directly uncover CIGs. 
Genes belonging to some functional categories were re- 
ported to show some unique genetic sequence features. For 
example, housekeeping genes tend to show lower promoter se- 
quence conservation [ 17 ], sequences with less potential for nu- 
cleosome formation in the promoter region [ 18 ], and shorter 
gene bodies [ 19–21 ]. Recent studies demonstrated that ge- 
netic sequence signatures hold promise to be cis- regulatory 
codes for some aspects of biological function, e.g. RNA struc- 
ture [ 22–24 ], protein-binding [ 25 ], RNA stability [ 26 ], and 

promoters and enhancers activities [ 27 , 28 ]. Intriguingly, CIG 

tends to show a broad enrichment of TF-binding motifs across 
the gene body, in contrast to the narrow enrichment of these 
motifs in only the promoters of most other genes [ 9 ]. Explor- 
ing these genetic sequence signatures has provided valuable 
clues to understanding CIG expression regulation and might 
facilitate the identification of CIGs. Therefore, we reason that 
integrating gene expression information with genetic sequence 
codes to uncover CIGs is a promising approach offering sig- 
nificant advantages over prior methods. 

In this study, we demonstrated the effectiveness of combin- 
ing genetic sequence signatures with expression information 

for distinguishing between CIGs and the rest of the genes.
Building upon this characterization, we developed a robust 
machine-learning algorithm, SCIG, for uncovering single-cell 
identity genes. Applying SCIG to diverse single-cell datasets,
including individual subtypes of the endothelial cell (EC) lin- 
eage, our analysis generated new insights into the expression 

regulation of CIGs in cell differentiation. Notably, cell clus- 
tering results based on CIG scores more accurately reflected 

cell types and their differentiation trajectory when compared 

to the conventional strategy based on RNA expression val- 
ues alone. The CIG catalog uncovered by SCIG holds great 
promise for advancing cell identity reprogramming experi- 
ments and facilitating the generation of desired cell types in 

regenerative medicine. 

Materials and methods 

Analyzing the genetic and expression features of 
cell identity genes 

We obtained a set of CIGs and control genes manually curated 

for 10 human cell types in a recent work [ 1 ] ( Supplementary 
Tables S1 and 2 ). We computed five categories of features from 

RNA expression and gene sequence data to capture the char- 
acteristics of CIGs. 

i. Gene expression values: The bulk RNA-seq raw reads 
for 10 human cell types, including B cells, ECs, epithelial 
cells, ESCs, fibroblasts, hematopoietic stem cells, mes- 
enchymal stem cells, neuronal cells, mid radial glial cells,
and skeletal muscle myoblasts, were collected from the 
Encyclopedia of DNA Elements (ENCODE) project [ 29 ] 
and NCBI Sequence Read Archive (SRA) [ 30 ] reposi- 
tories ( Supplementary Table S3 ). The human reference 
genome version hg38.104 was downloaded from the En- 
sembl database [ 31 ], and the longest transcript for each 

protein-coding gene was selected for further analysis. We 
employed Trim Galore (version 0.6.6) for adaptor trim- 
ming and removal of low-quality sequencing reads, fol- 
lowed by mapping the high-quality reads to the human 

reference genome using the STAR alignment tool (ver- 
sion 2.7.9a) [ 32 ]. Quantification of the mapped reads 
was performed using featureCounts (v2.0.3) [ 33 ] for the 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
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entire gene and exon regions. The resulting read counts
were then converted into log2-transformed transcript
per million (TPM) values for model development and
feature analysis. For the mouse genome, expression data
for the aforementioned 10 cell types were gathered from
the Mouse Cell Atlas (MCA) database [ 34 ]. 

ii. Gene expression specificity metrics: Gene expression
values for human tissues and cell types were sourced
from various RNA-seq projects, including the Genotype-
Tissue Expression (GTEx) [ 35 ], Functional Annotation
of Mammalian Genomes 5 (FANTOM5) [ 36 ], and Hu-
man Protein Atlas [ 37 , 38 ]. These data were downloaded
from The Human Protein Atlas website ( https://www.
proteinatlas.org/ about/ download ) [ 37 , 38 ]. For mouse
tissues and cell types, the expression data were obtained
from MCA [ 34 ], Mouse ENCODE [ 39 ], and mam-
malian transcriptomic database [ 40 ]. Next, the tspex
[ 41 ] python package was used to calculate various gene
expression specificity metrics, including tau, Gini coef-
ficient, Simpson index, Shannon specificity, and Roku
specificity, yielding specificity scores ranging from 0 to
1. Higher scores indicate that genes are expressed more
specifically in certain tissues or cell types. 

iii. Binding motifs and sites of TFs, RNA-binding proteins,
and Micro-ribonucleic acid (miRNAs): The human and
mouse TF-binding motifs were obtained from the “Mo-
tifDb [ 42 ] package and were used to scan the entire
human and mouse genome sequences. The analysis fo-
cused on determining the number of TF-binding motifs
within different genomic regions, including the promoter
region with various window lengths (500 bp to 5 kb in
both upstream and downstream sequences), gene bod-
ies, 5 

′ -UTR, exons, introns, and 3 

′ -UTR. The binding
sites of RNA-binding proteins were downloaded from
the oRNAment database [ 43 ], and the number of bind-
ing sites within specific genomic regions (5 

′ -UTR, ex-
ons, introns, and 3 

′ -UTR) was determined using the bed-
tools intersect command [ 44 ]. Additionally, miRWalk
[ 45 ] was employed to retrieve miRNA-binding sites.
Thereafter, the number of miRNA-binding sites within
the 5 

′ -UTR, coding sequence (CDS), and 3 

′ -UTR regions
was calculated. The number of these features were nor-
malized based on the length of the respective genomic
regions. 

iv. Evolutionary features: The phyloP100way sequence con-
servation score for the human and mouse genome was
obtained from the UCSC database [ 46 ]. Using in-house
scripts, we computed the mean and median conservation
scores for a whole gene sequence and different genomic
regions. 

v. Generic gene-level features: The gene architecture fea-
tures, including gene sequence length and the lengths
of different genomic elements (exon, intron, CDS, 5 

′ -
UTR, and 3 

′ -UTR), were calculated from the human and
mouse reference genome [ 31 ]. Additionally, the number
of introns and exons, as well as the ratio of introns to
exons, were also computed. For each gene, we computed
the frequencies of single-, di-, and tri-nucleotides in the
gene sequence. Codon biases were determined by group-
ing triplet codons based on their coding amino acid and
calculating their total proportion, mean, median, and co-
efficient of variation. Additionally, we included the tran-
scription start site (TSS) distance, which represents the
number of base pairs between the TSS of a gene and its
closest TSS in the chromatin. 

Features filtering and selection 

Based on the feature extraction procedures described above,
a total of 680 features were obtained for each gene. Initially,
a Wilcoxon [ 47 ] nonparametric test was conducted to deter-
mine the significance of the difference in each feature between
CIGs versus control or housekeeping genes. Features with a P -
value > 0.05 when comparing CIGs to control or housekeep-
ing genes were subsequently removed. Next, we calculated the
Pearson correlation coefficient between features. For a pair of
features with a correlation coefficient > 0.90, the feature with
the greater P -value of its difference between CIGs and control
genes was removed. These steps resulted in a final set of 73
nonredundant and significant features. 

In our pursuit of identifying potential features for ma-
chine learning model development, we employed a system-
atic search followed by a forward feature selection algorithm
[ 48 ]. The systematic search involved exploring all possible
combinations of three features, resulting in a selection of the
top 10 000 combinations based on the performance metric,
Matthew’s correlation coefficient, in 10-fold cross-validation.
Subsequently, we implemented the forward selection algo-
rithm to gradually incorporate additional features from the
pool into the selected combinations. The forward feature se-
lection process continued until no further enhancement in
model performance was observed, resulting in a final set of se-
lected features. To assess the efficacy of this feature selection
method, we compared it with several other approaches, in-
cluding the SK-best-mutual information, analysis of variance
(ANOVA) F-classification, forward sequential selection (FSS),
backward stepwise elimination (BSE), and recursive feature
elimination based on Logistic Regression (RFE LR) with L1
regularization [ 49 ]. 

Developing the SCIG, a logistic regression model to
uncover CIGs 

After feature selection, the training dataset was standardized
using Sklearn’s preprocessing libraries [ 49 ]. A logistic regres-
sion algorithm with an L1 penalty parameter was applied to
develop the model, aiming to prevent overfitting. The model
selection involved a 10-fold cross-validation procedure, and
further validation was conducted through bootstrapping with
500 iterations, using an 80% training and 20% testing split.
Model performance was assessed using statistical metrics such
as sensitivity , specificity , accuracy , Matthew’s correlation coef-
ficient, F1-score, and area under the receiver operating char-
acteristic curve (AUROC). 

Collecting reported master transcription factors of 
cell identity 

The human TFs were obtained from the humantfs database
( http:// humantfs.ccbr.utoronto.ca/ ) [ 50 ]. We extracted the re-
ported master TFs of cell identity manually curated for 10
cell types in recent work [ 1 ]. The remaining TFs from the hu-
man TF list were recognized as the control TFs in these 10
cell types. As the number of control TFs exceeds the num-
ber of master TFs, we addressed the class imbalance issue by
utilizing the SMOTE algorithm [ 51 ], resulting in a balanced
dataset of 221 randomly selected master and control TFs for
model development. 

https://www.proteinatlas.org/about/download
http://humantfs.ccbr.utoronto.ca/
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Machine learning model to uncover master 
transcription factors in CIG networks 

We compiled a reference GRN from seven different resources,
including RegNetwork [ 52 ], DoRothEA [ 53 ], CellNet [ 4 ],
GRNdb [ 54 ], ANANSE [ 55 ], PANDA [ 56 ], and Huang, J.K.
et al. [ 57 ]. We focused on protein-coding gene interactions
and determined the reliability of each interaction based on
the number of votes from these sources, taking only the in-
teractions that were present in at least two sources. For each
known master TFs and control TF, we extracted their corre-
sponding GRNs from the compiled reference GRN. Next, we
computed several features including the number of children
edges (indicating the number of target genes regulated by a
specific TF), the number of parent edges (indicating the num-
ber of genes regulating a specific TF), cell identity gene score
(CIG score) from SCIG, and RNA expression of the genes.
Furthermore, we calculated the mean, median, and coefficient
of variation for each feature of the TFs. This process yielded a
total of 23 features for each master and control TF, which were
subsequently used for constructing a logistic regression model
to learn network features enriched in master TFs. Important
features to use in the model were selected through systematic
feature selection using 10-fold cross-validation. The model’s
performance was evaluated using statistical measures like ac-
curacy, Matthew’s correlation coefficient, and F1-score during
both 10-fold cross-validation and bootstrapping procedures. 

Exploring single-cell identity gene networks in 

human fetal heart using hdWGCNA 

First, we employed the SCIG algorithm to calculate cell iden-
tity scores for individual genes in individual cells from human
fetal hearts [ 58 ] (Fig. 4 A). Then, we supplied the CIG score
matrix and expression matrix independently to hdWGCNA
[ 59 ] for gene network analysis at the single-cell level. Ini-
tially, we selected the genes that expressed in a minimum of
5% of cells in both the expression and CIGs score matrices.
Subsequently, we generated metacells using the “MetacellsBy-
Groups ( k = 20, min_cells = 30)” function, followed by nor-
malization using “NormalizeMetacells.” Notably, normaliza-
tion was omitted for the CIG score matrix as it was inherently
in normalized form. Further, we constructed the network by
considering all cells with default options. Each identified net-
work module was visualized using the “ModuleNetworkPlot”
function. 

Using cell identity gene score for single-cell 
clustering analysis 

The human forebrain glutamatergic neurogenesis [ 60 ] dataset
consisted of 1720 scRNA-seq profiles, which were utilized to
predict CIGs using the SCIG algorithm. This transformed the
gene–cell expression matrix into a gene–cell CIG score matrix.
We then analyzed the expression matrix and CIG score matrix
independently using the Seurat [ 61 ] package for cell cluster-
ing and cell type annotation. Only protein-coding genes were
analyzed, while mitochondrial and ribosomal genes were fil-
tered out. For the expression matrix, expression values were
log-normalized, and the top 2000 highly variable genes were
selected using the “NormalizeData” and “FindVariableFea-
tures” functions, respectively, with default parameters. The
normalized expression matrix was then scaled and centered
using the “ScaleData” function, followed by running the Run-
PCA (npcs = 50), RunUMAP (reduction = pca, dims = 1:40),
FindNeighbors (k.param = 20, nn.method = annoy, an- 
noy.metric = euclidean), and FindClusters (resolution = 1) 
function to obtain cell clusters. We used the default values for 
each function unless otherwise specified. In the case of the CIG 

score matrix, the same clustering pipeline was employed ex- 
cept that the log-normalization step was skipped, as the CIG 

scores were already standardized. The identified cell clusters 
were annotated based on their RNA expression levels or CIG 

scores. The cell types identified based on each matrix were fur- 
ther analyzed using ScVelo [ 62 ] to determine their future state 
or transition direction based on spliced and unspliced mRNA 

expression values. The velocity information obtained was then 

utilized in CellRank [ 63 ] to identify the potential initial and 

terminal sites / cells within the given cell types. Additionally,
CellRank quantified the transition probability for each termi- 
nal site from all other cell types, providing valuable insights 
into cell dynamics and potential cell state transitions. 

CIG analysis in the process of endothelial 
differentiation 

We obtained scRNA-seq profiles during endothelial differen- 
tiation from human ESCs (H9) at multiple time points, in- 
cluding days 0 (ESCs), 4 (mesoderm), 6 (mesenchymal), 8 (EC 

progenitors), and 12 (ECs) [ 64 ]. The unique molecular iden- 
tifier (UMI) count matrix were preprocessed and transformed 

into pseudo-bulk datasets for each time point. These datasets 
were subsequently utilized in the SCIG model to predict CIGs 
and their master TFs. 

Endothelial cell identity gene landscape analysis in 

15 human tissue types 

We obtained scRNA-seq data from 15 tissues, encompass- 
ing adipose, bladder, breast, gut, heart, intestine, kidney, liver,
lung, ovary, skeletal muscle, skin, stomach, testis, and thy- 
mus, sourced from the DISCO [ 65 ] database. Endothelial 
subtypes, including arterial, capillary, venous, and lymphatic,
were specifically extracted from each tissue. Subsequently, we 
aggregated gene UMI counts for each endothelial cell subtype 
from the count matrix. This consolidated dataset was then in- 
tegrated into SCIG for the prediction of CIGs and their master 
TFs. To determine the specificity of each CIG and their master 
TFs across 15 tissues, we retrieved the SCIG-derived scores for 
the genes [with false discovery rate (FDR) < 0.05] in each en- 
dothelial subtype. Subsequently, these retrieved scores of CIGs 
and master TFs were utilized for Tau score calculation using 
tspex [ 41 ]. We conducted the Wilcoxon nonparametric one- 
sided test for assessing the statistical difference between the 
Tau specificity score of CIGs and CIG master TFs. 

Pathway enrichment analysis 

The significant CIGs (with FDR < 0.05), high-expression 

genes, and highly variable genes were subjected to a pathway 
enrichment analysis using the ClusterProfiler [ 66 ] R package.
The enriched Gene Ontology (GO) pathways were determined 

based on the least adjusted P -values using the Benjamini 
method, with a significance threshold of q -value < 0.05. This 
pipeline helps identify the biological processes and functions 
associated with the identified CIGs and other genes. The fold 

enrichment for each pathway was computed by calculating 
the ratio between the gene ratio and the background ratio ob- 
tained from ClusterProfiler output. 
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tatistical analysis 

or each genetic sequence and expression-derived feature, we
sed two-tailed Wilcoxon’s test [ 47 ] for assessing the statisti-
al difference ( P -value) between CIGs and housekeeping, con-
rol genes. From SICG output, the significant CIGs and their
aster TFs were identified by FDR < 0.05. We utilized pROC

 67 ] package for determining the P -values of ROC curves.
uring the pathway enrichment analysis, we used the q -value

hreshold of < 0.05 for selecting the significant pathways. 

esults 

IGs display unique genetic sequence signatures 

enetic sequence elements play important roles as cis-
egulatory codes that dictate unique epigenetic patterns for
he transcriptional regulation of CIGs. For example, super-
nhancers tend to regulate CIGs and each comprises a long
luster of cis- regulatory elements that bind TFs [ 6 , 68 ]. The
road H3K4me3 pattern is also enriched at CIGs and tends
o be associated with a broad distribution of TF-binding mo-
ifs [ 9 ]. Therefore, we decided to perform a comprehensive
urvey of genetic sequence signatures together with expres-
ion features, expecting that some can be useful in uncovering
IGs. 
Our meticulous analysis revealed 73 features enriched or

epleted significantly in 247 CIGs, curated from literature [ 1 ],
hen compared to 245 control genes [ 1 ], 2142 housekeep-

ng genes [ 69 ], or all human genes in the genome (Fig. 1 A).
ene expression level is significantly higher for CIGs when

ompared to control genes and the entire human gene set, but
ntriguingly, shows little difference between CIGs and house-
eeping genes (Fig. 1 B). Gene expression specificity scores
re significantly elevated in CIGs compared to housekeeping
enes and other genes (Fig. 1 C, and Supplementary Fig. S1 A
nd B). This indicates that CIGs are overall more specific to
ertain cell types, consistent with their crucial role in main-
aining unique cellular identities. Considering that expres-
ion specificity value for a gene will rely on the cell types
sed for comparison [ 70–72 ], and different CIGs display dif-
erent degrees of expression specificity [ 1 ], we continued to
xplore genetic sequence signatures that might be useful to
urther improve accuracy for identifying CIGs. An investi-
ation of the PhyloP100way score in the promoter regions
f CIGs unveiled a higher degree of sequence conservation
hen compared to the other three gene categories, indicating

tronger evolutionary conservation of CIG promoters across
pecies (Fig. 1 D, and Supplementary Fig. S1 C and D). More-
ver, CIGs exhibited stronger enrichment of binding motifs
or TFs (Fig. 1 E and Supplementary Fig. S1 E), RNA-binding
roteins (Fig. 1 F and Supplementary Fig. S1 E), and miRNAs
Fig. 1 G and Supplementary Fig. S1 E). CIGs displayed longer
 

′ -UTRs, potentially implicating greater involvement in post-
ranscriptional regulation, e.g. by miRNA-binding sites, which
re known as often occurring in 3 

′ -UTRs (Fig. 1 H). This ob-
ervation is consistent with the reported low RNA stability of
IGs [ 12 ], as miRNA mediates the decay of target RNAs in

he cells [ 73 , 74 ]. 
Unexpectedly, the CDSs of CIGs are longer than those of

ther gene categories, as shown in Supplementary Fig. S1 F.
e also found that there is a noticeable trend for the dis-

ance between the TSSs of CIGs and their nearest neighbor-
ng genes to be greater compared to other gene categories
( Supplementary Fig. S1 G). Additionally, a notable bias to-
ward triplet codons encoding the amino acid Glycine was
observed in CIGs (Fig. 1 I), suggesting a preference for loop-
forming in protein structures [ 75 ] that facilitate protein inter-
actions [ 76 ] and catalytic activities [ 77 ]. Interestingly, CIGs
exhibited a lower AT content in their coding regions (Fig. 1 J
and Supplementary Fig. S1 H), potentially associated with the
known low RNA stability of CIGs [ 78 , 79 ]. Manual inspec-
tion confirmed these genetic sequence characteristics at many
reported CIGs, e.g. the ESC identity genes MYC, NANOG,
POU5F1, SOX2, and KLF4 but not at the housekeeping genes
HPRT and EMC7 (Fig. 1 K–N). It will be interesting to inves-
tigate the biological mechanisms underlying the association
between these genetic signatures and CIGs. 

SCIG uncovers CIGs accurately by integrating 

genetic signatures and expression information 

Motivated by the observed significant difference in genetic sig-
natures and expression patterns between the known CIGs ver-
sus the control gene categories, we developed SCIG, a logis-
tic regression-based machine learning model to uncover new
CIGs. 

The significant features were obtained through the
Wilcoxon test, followed by removing the multicollinear-
ity among the features. This procedure yielded 73 fea-
tures out of a comprehensive list of 680 candidate features
( Supplementary Fig. S2 A). Next, we performed forward fea-
ture selection to determine the optimal subset of these features
for the logistic regression model ( Supplementary Fig. S2 A).
Evaluation metrics such as Matthew’s correlation coefficient
and F1-score indicated the superior predictive performance
of features selected by this pipeline when compared to con-
ventional feature selection methods, including the Select K,
ANOVA F1-score, mutual information, forward, backward,
and RFE ( Supplementary Fig. S2 B and C). By increasing the
feature number starting from 1, the model with more features
shows better performance but requires up to 19 features to
achieve superior performance (Fig. 2 A), as a further increase
in feature number does not significantly improve the perfor-
mance ( Supplementary Fig. S2 D). The 19 key features include
RNA expression level, expression specificity scores (Gini and
Tau matrices), codon biases, sequence conservation, number
of TF-binding motifs, number of protein-binding motifs in
RNA, number of miRNA-binding motifs, nearby promoter
distance, etc. (Fig. 2 B). These features accurately distinguished
between known CIGs and control genes with an AUROC of
0.95. Integration of these 19 features, SCIG successfully recap-
tured the known CIGs with an accuracy of 90.4%, sensitiv-
ity of 91.2%, and specificity of 89.6% ( Supplementary Fig.
S2 E). RNA expression-based features, specifically the RNA
expression-level and expression-specificity matrices, exhib-
ited stronger feature coefficients when compared to the ge-
netic sequence features (Fig. 2 B). This observation is consis-
tent with results from the leave-one-out feature test strategy
( Supplementary Fig. S2 F). However, an alternative model inte-
grating only expression features and expression specificity ma-
trices showed moderate performance (Fig. 2 A). In contrast, the
full model further integrating the genetic sequence signatures
with the expression signatures for CIG prediction resulted in
the best performance (Fig. 2 A and Supplementary Table S4 ). 

The default algorithm in SCIG is a logistics regres-
sion model and achieved remarkable performance, with a
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Figure 1. A systematic survey of genetic sequence signatures and RNA expression features for CIGs. ( A ) Heatmap illustrating the median values of 73 
features that each displa y ed significant differences between CIGs and either control genes, housekeeping genes, or all human protein-coding genes. 
T he median v alue of each feature w as con v erted into z -score. ( B–J ) B o xplots sho wing v alues of represent features in individual gene categories. P- values 
determined by the t wo-t ailed W ilcoxon test. * P -value < 0.05, *** P -value < 0.001, and ns: nonsignificant. ( K –M ) Bar plots showing genetic sequence 
feature values of individual embryonic stem CIGs and control or housekeeping genes. ( N ) Heatmap showing PhyloP100way scores around the TSS of 
individual embryonic stem CIGs and control or housekeeping genes. 

 

 

 

 

 

 

 

 

 

 

 

 

Matthew’s correlation coefficient of 0.81 ( Supplementary Fig.
S2 B) and an F1-score of 0.90 ( Supplementary Fig. S2 C) in
recapturing the known CIGs. For comparison, we assessed
the predictive capacity of alternative machine-learning algo-
rithms. The logistic regression model exhibited a lower error
rate and a higher Matthew’s correlation coefficient, underscor-
ing its superior performance compared to the other models,
including the Naive Bayes, support vector machines, and Ad-
aBoost ( Supplementary Fig. S2 G). Applying SCIG to human
umbilical vein endothelial cells (HUVECs) [ 80 ], well-known 

endothelial CIGs such as the NR2F2 [ 81 , 82 ], MECOM [ 83 ],
HOXA5 [ 84 ], and GA T A6 [ 85 ] were top-ranked by SCIG, in-
dicating the ability to recapitulate the endothelial CIGs (Fig.
2 C). Additionally, we investigated the functional implications 
of the top 25 CIG candidates in HUVECs by reviewing the 
literature and categorized them into the four CIG categories 
defined based on literature curation in recent work [ 1 ]. Of 
these, six are known master TFs, three are required TFs, eight 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
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Figure 2. SCIG combines genetic sequence signatures with expression information to uncover CIGs in a cell. ( A ) ROC curve illustrating the performance 
of SCIG with varying numbers of top features. Performance of the CIGdiscover algorithm that uncovers CIGs by histone modification signatures, gene 
e xpression, and e xpression specificity inf ormation is also presented. ( B ) B ar plot sho wing feat ure coefficient of individual genetic sequence signat ures or 
gene expression features used for machine learning in SCIG. ( C ) Rank plot presenting the CIG scores of individual genes in HUVEC. Red and blue colors 
indicate CIGs and other genes defined by SCIG, respectively. ( D ) The CIGs defined by SCIG in HUVEC are enriched with endothelial pathways. ( E ) 
B o xplot of regulatory potential scores demonstrating the regulation intensity of individual genes by TFs in HUVEC. ( F ) Heatmap showing AUROC of 
SCIG variants trained and tested by individual gene categories. ( G ) ROC curves depicting the performance of SCIG, and its variants trained with data 
from varying numbers of cell types. ( H ) Line plot illustrating the performance of SCIG, and its variants trained with varying subsets of the known CIGs. 
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are functional genes, four are marker genes, and four are not
yet reported to be endothelial CIGs ( Supplementary Table S5 ).
The identified CIGs are enriched for endothelial pathways,
reaffirming their association with EC identity (Fig. 2 D and
Supplementary Fig. S2 H). As CIGs tend to be regulated by
super-enhancers [ 6 , 68 ], we interrogated ChIP-seq profiles
of TFs from the Cistrome browser [ 86 ]. The result verified
that the predicted CIGs exhibited a pronounced enrichment
of TF-binding events compared to control genes (Fig. 2 E).
Additionally, we extended the SCIG model to the mouse
genome, achieving an AUROC of 0.94 ( Supplementary Fig.
S3 A) utilizing 16 distinct genetic and RNA expression fea-
tures ( Supplementary Fig. S3 B). SCIG consistently identified
pan-EC marker genes as CIGs in brain, lung, and liver ECs
( Supplementary Fig. S3 C–E). These results indicate that the al-
gorithm in SCIG is optimal for accurately recapturing known
CIGs based on the combination of genetic sequence signatures
and RNA expression patterns. 

Robust performance of SCIG with small and noisy 

training data 

We assessed whether the performance of SCIG is consistent
when applied to the four CIG categories defined based on
literature curation in recent work [ 1 ]. These include mas-
ter TFs, required TFs, key function genes, and marker genes.
The model consistently demonstrated robust performance
(AUROC > 0.83) when applied to each of these categories
( Supplementary Fig. S4 A). Impressively, a model trained by
one CIG category can accurately recapture the other CIG cat-
egories but not the control genes, underscoring the similarity
in characteristics of these CIG categories (Fig. 2 F). 

To test whether the size of the training data has been large
enough to reach an optimal performance, we evaluated the
algorithm trained with different subsets of the training data.
The algorithm’s performance improved when the known CIGs
and control genes from more cell types were used to train
the model, with the improvement saturated at up to 5 cell
types (Fig. 2 G). Also, the model requires up to 15% of the
247 known CIGs to achieve optimal performance (Fig. 2 H).
Considering the potential imbalance between the number of
control genes and CIGs in a cell, we investigated the impact
on SCIG performance. We systematically varied the number
of non-identity genes used to train the model and analyzed
its effect on SCIG accuracy. Despite increasing the number
of non-identity genes up to 20-fold higher than the number
of CIGs, we observed minimal changes in SCIG performance
( Supplementary Fig. S4 B). 

We investigated whether the model trained by known CIGs
from one cell type can accurately recapture the known CIGs
of a different cell type. To this end, we performed two differ-
ent tests. We first performed a parallel test, where the model
was trained on 80% of the known CIGs from five cell types
and tested on the remaining 20%, followed by a cross-test,
where the model was trained on genes from one set of five
cell types and tested on genes from another set. The results
demonstrated that the algorithm performance is excellent in
both the parallel test (AUROC: 0.93) and the cross-test (AU-
ROC: 0.91) ( Supplementary Fig. S4 C). Further, we performed
additional tests by randomly assigning the ten cell types into
ranks from 1 to 10 and grouping the cell types into differ-
ent subsets, with each group containing three cell types. For
example, group 1 contains cell types 1–3, group 2 contains
cell types 2–4, and so on. As a result, adjacent groups in the 
ranking overlap, while distant groups do not. Using these cell 
groups, we then trained the model on one group and tested it 
on the other groups with no (cross test) or partial overlap and 

also evaluated the model’s performance within the same group 

(parallel test). Through this analysis, we show again that the 
performance was comparable between the cross-test and par- 
allel tests ( Supplementary Fig. S4 D). These results suggest that 
SCIG performs well in identifying CIGs across independent 
cell types. 

We extensively evaluated the robustness of SCIG against 
noise in the training data. To this end, the labels of a randomly 
picked subset of the known CIGs and control genes were 
swapped. As expected, the algorithm performance decreased 

along with the increased noise ratio in the training data. How- 
ever, with 20% mislabeled CIGs or control genes, the AUROC 

only decreased from 0.95 to 0.75 ( Supplementary Fig. S4 E),
suggesting that the algorithm is considerably resilient to noise 
in the training data. 

SCIGNet uncovers master transcription factors of 
cell identity genes by machine-learning analysis of 
network features 

It is well recognized that a cell identity can be established by a 
small cocktail of master TFs, such as the Oct4, Sox2, Klf4, and 

c-Myc for pluripotent stem cells [ 5 , 6 ]. As a cell type often has
several hundred or more CIGs, we next developed another lo- 
gistic regression model, SCIGNet, to uncover the master TFs 
of a cell identity based on the network features of CIGs. Con- 
ventional network analysis often defines master TFs based on 

their number of downstream target genes. However, it is un- 
clear if there are other network features that might be more 
useful to define the master TFs of a cell identity. To this end,
we considered a set of 23 network features, including the num- 
ber of downstream as well as upstream network edges con- 
nected to a TF, gene expression values, CIG scores, etc. (Fig.
3 A). SCIGNet learns the features associated with the known 

master TFs of cell identity curated from literature [ 1 ]. It then 

optimizes the weight per feature to combine these features for 
predicting new master TFs. 

Our feature analysis revealed that reported master TFs ex- 
hibit greater CIG scores calculated by the SCIG (Fig. 3 B) and 

higher expression values (Fig. 3 C) compared to other TFs. Ad- 
ditionally, when compared to other TFs in the CIG network,
we observed a greater number of children edges connecting 
master TFs to downstream target genes (Fig. 3 D). This obser- 
vation is consistent with the role of these factors as a mas- 
ter regulator in the network. Intriguingly, we also observed a 
greater number of parental edges connecting the master TFs to 

their upstream regulators (Fig. 3 E). This observation indicates 
that the master TFs themselves, when compared to other TFs 
in the CIG network, are under more regulations. These results 
were also observed by manually inspecting the feature values 
of individual master TFs in the embryonic CIG network (Fig.
3 F–H). 

The SCIGNet model employed nine features to achieve op- 
timal performance with an AUROC of 0.91 (Fig. 3 I and J).
Unexpectedly, the mean CIG score and average RNA expres- 
sion of the genes connected by the parental edges appeared to 

be the two most useful features for identifying the master TFs,
followed by the RNA expression and CIG score of the master 
TFs themselves (Fig. 3 J). When compared to simple methods 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
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Figure 3. SCIGNet combines network features of CIGs to uncover master TFs of a cell identity. ( A ) Heatmap showing Z scores of individual network 
feature values for individual TF groups. ( B –E ) Box plot illustrating representative network feature values for individual TF groups. *** P -value < 0.001. 
( F –H ) Bar plot showing feature values of individual TFs. ( I ) ROC curves showing the performance of SCIGNet and other methods for uncovering master 
TFs of cell identity. ( J ) Bar plot showing feature coefficients of individual network features used by the machine learning models in SCIGNet for 
unco v ering master TFs. ( K ) Comparison of perturbation scores derived from CellOracle for the cell identity TFs defined by SCIG and CellOracle. ( L ) 
Comparison of expression variability for cell identity TFs defined by SCIG and CellOracle. ( M ) Rank of individual TFs based on the scores calculated by 
SCIGNet in HUVEC. 
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ased on analysis of gene expression level or the conventional
etwork model CellNet, SCIGNet always showed a better per-
ormance in recapturing the known master TFs (Fig. 3 I). 

Additionally, we compared the cell identity TFs predicted
y SCIG and CellOracle [ 87 ]. Although both our method and
ellOracle can predict cell identity TFs, they are distinct in

wo major ways: (i) CellOracle requires both gene expres-
ion and chromatin accessibility data from the analyzed sam-
le to predict TFs involved in cell identity. In contrast, SCIG
nly requires gene expression data from the analyzed sam-
le, making it applicable to a broader range of single-cell
atasets. (ii) CellOracle focuses on TFs identified as highly
variable across single cells and computes perturbation scores
for these TFs. SCIG considers all TFs in the sample and does
not filter out genes in advance. As a result, the cell identity
TFs defined by SCIG do not always have to be highly vari-
able. This is important because it is known that different cell
types can share some CIGs, although the specific combina-
tion of these genes is unique to each cell type [ 5 , 88 , 89 ].
We analyzed the mouse hematopoiesis differentiation dataset
[ 90 ], which revealed two lineage differentiation trajectories,
the ME (Megakaryocyte-Erythrocyte) and GM (Granulocyte-
Monocyte), to compare the performance of SCIG and Cel-
lOracle. In these lineages, CellOracle identified 90 highly
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variable TFs, for which perturbation scores were generated.
Because CellOracle results do not include P -values to define
significant candidates, we included all these 90 candidates for
comparison. SCIG identified 68 top-ranked cell identity TFs
in the ME lineage and 64 in the GM lineage based on P -
value < 0.05. We compared the cell identity TFs identified by
both methods and observed significant overlap between the
two ( P -value < 0.05), with 28 TFs common to both SCIG
and CellOracle in the ME lineage, and 25 common TFs in the
GM lineage. This suggests that the two methods identify many
common cell identity TFs, despite using different types of in-
formation in their predictions. To gain deeper insights and fa-
cilitate a comparison of their predictions, we next investigated
the perturbation scores for the overlapping cell identity TFs
recognized by both SCIG and CellOracle, compared with the
TFs identified exclusively by CellOracle. We observed that the
perturbation scores for the overlapping TFs were higher than
those for the TFs identified solely by CellOracle. Such a result
suggests that the TFs identified by SCIG were highly ranked
in the CellOracle predictions (Fig. 3 K). Further, we examined
the expression variability of the overlapping cell identity TFs
recognized by both methods, in comparison with the SCIG-
specific TFs, and found that the overlapping TFs exhibited
higher expression variability (Fig. 3 L) than the SCIG-specific
TFs. This result is consistent with expectation since SCIG con-
siders all TFs as compared to CellOracle which considers only
highly variable TFs. 

Furthermore, we employed SCIGNet in HUVEC cells to
pinpoint master TFs regulating their identity. We uncovered
that most of the top-ranked TFs, such as FOXP1 [ 91 ], NR2F2
[ 81 ], SOX4 [ 92 ], MEF2C [ 93 ], and ERG [ 94 ], have already
been experimentally characterized for their role in the reg-
ulation of HUVEC identity (Fig. 3 M). Also, applying the
model to mice cells identifies the master TFs in the CIG net-
work with an AUROC of 0.93 ( Supplementary Fig. S3 F). Ap-
plying SCIGNet to atrial (aCMs) and ventricular cardiomy-
ocytes (vCMs) transcriptome data, SCIGNet identified six and
eleven TFs as aCMs- and vCMs-specific master regulators
( Supplementary Fig. S3 G). Notably, most of these regulators
were reported to play roles in the heart compartments (aCMs
and vCMs). These include the Tbx5 and Esrra we have com-
prehensively validated in our recent works [ 95 , 96 ] and the
Foxp2 [ 97 ], Bhlhe40 [ 98 ], Pbx1 [ 99 ], Klf12 [ 100 ], Prdm16
[ 101 ], Hey2 [ 102 ], and Casz1 [ 103 ]. 

CIG score outperforms expression value in 

capturing cell identity in network analysis 

We next tested if the CIG scores calculated by SCIG can be bet-
ter than the gene expression values when aiming at uncovering
CIG networks in single-cell RNA-seq analysis. We used SCIG
to calculate a CIG score for each gene in each single cell based
on single-cell transcriptomes of healthy human fetal hearts at
22 weeks [ 58 ] (Fig. 4 A). We next clustered cells using either
the CIG scores or the RNA expression values based on highly
variable genes. Both methods effectively recaptured the 12 cell
types, including cardiomyocytes, ECs, fibroblast, mesothelial
cells, proliferating cells, mast cells, erythroblasts, etc., as re-
ported in the original study (Fig. 4 B). Thereafter, cell clusters
from the two methods were independently used as input for
network analysis based on either the expression values or CIG
scores using the hdWGCNA package [ 59 ]. Employing gene
expression data, we obtained six network modules (referred
to as the expression network), while the CIG score yielded 

nine modules (referred to as the cell identity score network).
The specificity of hub genes toward particular cell types was 
illustrated in a dot plot, showcasing their expression (Fig. 4 C,
left) or CIG score (Fig. 4 C, right). 

For a fair comparison between the expression network and 

cell identity score network for a cell type, we focused on the 
top 25 hub genes from each network. For ECs, a cell iden- 
tity score network (EC_CIG1) and the expression network 

(EC_Exp) (Fig. 4 D) shared 12 hub genes (Fig. 4 E). Notably,
pathway analysis revealed that EC cell identity score network- 
specific hub genes were associated with the regulation of 
EC and blood vessel development, VEGF signaling, and an- 
giogenesis (Fig. 4 F). In contrast, expression network-specific 
hub genes were associated with housekeeping-related cellular 
functions (Fig. 4 G). This observation suggests that the CIG 

score is superior in revealing the EC identity network. Inter- 
estingly, based on CIG scores, hdWGCNA further constructed 

a network module shared by ECs, fibroblasts, and cardiomy- 
ocytes (EC_CIG2) (Fig. 4 C, right and Supplementary Fig. 
S5 A). Comparing this network with the EC_Exp module re- 
vealed only two common hub genes ( Supplementary Fig. S5 B).
Pathway analysis indicates that the genes in the EC_CIG2 

model are involved in the well-known epithelial (endothelial) 
to mesenchymal transition ( Supplementary Fig. S5 C), which 

plays critical roles in the development and many diseases, such 

as heart failure [ 104 , 105 ]. 
For the cardiomyocyte network modules, the expression 

network ( Supplementary Fig. S5 D) and cell identity score 
network ( Supplementary Fig. S5 E) shared a set of 10 hub 

genes ( Supplementary Fig. S5 F). The hub genes specific to 

the cell identity score network demonstrated a more pro- 
nounced enrichment across pathways regulating the cel- 
lular processes and functions specific to cardiomyocytes 
(Supplementary Fig. S5 G). The network modules derived from 

expression ( Supplementary Fig. S6 A) and cell identity score 
( Supplementary Fig. S6 B) also uncovered different hub genes 
for the proliferating cell population. Upon pathway enrich- 
ment analysis, it became evident that the cell identity score net- 
work hub genes displayed a heightened association with cell 
cycle-related pathways ( Supplementary Fig. S6 D), contrast- 
ing with expression networks, which are only enriched with 

some housekeeping pathways ( Supplementary Fig. S6 C). Two 

network modules, MCMN_CIG1 and MCMN_CIG2, were 
identified as common for macrophages and monocytes us- 
ing cell identity scores, while one module, MCMN_Exp, was 
identified based on expression values (Fig. 4 c). We observed 

that 18 hub genes were shared between the MCMN_CIG2 

and MCMN_Exp modules ( Supplementary Fig. S6 E). How- 
ever, there were no overlapping hub genes between the 
MCMN_CIG1 and MCMN_Exp modules. Notably, the genes 
in the MCMN_CIG1 cell identity network ( Supplementary 
Fig. S6 F) were enriched with pathways related to inflam- 
matory response and cellular response ( Supplementary Fig. 
S6 G). With the expression values, there was no network 

module detected for mast cells. Conversely, the unique cell 
identity score network of the mast cells unveiled an enrich- 
ment pattern aligning with mast cell functions, including 
regulation of chemokine ligand production and immune re- 
sponses ( Supplementary Fig. S6 H) [ 106 , 107 ]. Meanwhile,
for erythroblast and natural killer T cells, less difference 
was observed between the expression- and CIG score-derived 

networks ( Supplementary Fig. S6 I and J), with no major 
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Figure 4. CIG score outperforms expression value in capturing cell identity in network analysis. ( A ) Workflow to use SCIG for uncovering CIGs at the 
single-cell le v el and perf orm subsequent applications. ( B ) Single-cell clustering based on e xpression and CIG score. ( C ) Netw ork modules defined using 
hdWGCNA based on expression and CIG score matrices. ( D ) Network plot showing the top 25 hub genes in EC identity score- and gene 
e xpression-deriv ed netw ork. Expression- and CIG score-specific netw ork hub genes are mark ed in circles. ( E ) Ven diagram sho wing o v erlap of top 25 
hub genes in CIG score- and gene e xpression-deriv ed netw orks. ( F ) Pathw a y enrichment analy sis of CIG score-specific netw ork hub genes. ( G ) Pathw a y 
enrichment analysis of expression-specific network hub genes. CM, cardiomyocytes; EC, endothelial cells; FB, fibroblast; MC, macrophages; MN, 
monocytes; EB, erythroblast; TC, T cells; NK, natural killer cells; MA, mast cells; PF, proliferating cells; BC, B cells; ME, mesothelial cells. 
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distinction concerning their pathway associations. Overall,
we posit that networks derived from CIG scores prove more
advantageous in elucidating the gene network involving cell
identity regulation. 

Cell identity score improved single-cell trajectory 

analysis of neuronal differentiation 

We harnessed the SCIG method to explore the landscape
of CIGs in 1720 single-cells during human forebrain gluta-
matergic neuron differentiation. This dataset effectively cap-
tured the dynamic process of mature neuron formation start-
ing from radial glial progenitors, exhibiting a linear trajec-
tory [ 60 , 108 ]. We performed single-cell clustering using ei-
ther the RNA expression values or the CIG scores based on
top 2000 high-variation genes. There was only a 24% overlap
between the highly variable genes defined by these two meth-
ods (Fig. 5 A). The highly variable genes identified through
the CIG score exhibit a stronger enrichment in the forebrain
and neuronal development pathways (Fig. 5 B). Meanwhile,
the clustering based on CIGs recapitulated all the cell types
defined in previous studies based on gene expression [ 60 ,
108 ] (Fig. 5 C and D, Supplementary Fig. S7 A and B). How-
ever, the Silhouette coefficient, an internal cluster validation
measure, is 1.5-folds smaller for the CIG-based than for the
expression-based methods with the same cell clustering pa-
rameters ( Supplementary Fig. S7 C, left). This suggests that
the CIG scores are better at capturing the relation between
the cells in the differentiation process, as also can be observed
in the single-cell clustering architecture derived from highly
variable genes identified uniquely by expression or CIG score
( Supplementary Fig. S7 B). Meanwhile, we found substantial
differences in the sizes of cell populations defined based on
CIG score- versus gene expression-based clustering, e.g. pop-
ulation sizes of Neuroblast1, Immature neurons, and mature
neurons (Fig. 5 E). The greatest cell identity switch between
the two methods happened to neuroblast1 and immature neu-
ronal cells (Fig. 5 F). 

To assess the effects of cell type rearrangements between the
two methods on differentiation trajectory analysis, we con-
ducted RNA velocity analysis and quantified the transition
probabilities between the cell populations using the algorithm
CellRank [ 63 ]. Although the result indicated an overall consis-
tent neuronal differentiation trajectory between the two meth-
ods (Fig. 5 D), the probability of the expected transition from
neuroblast 1 and neuroblast 2 toward immature neurons was
increased by 2 to 5-fold by the CIG-based clustering compared
to the expression-based one (Fig. 5 G). Similarly, the transition
probability from neuroblast 1 to neuroblast 2, neuroblast 2
to immature neuron, and neuron 1 to neuron 2 also increased
in the CIG-based clustering result (Fig. 5 G). In contrast, the
probability of transition that is unknown or opposite to liter-
ature report, e.g. from neuroblast 2 to neuroblast 1 and neu-
ron 2 to neuron 1, exhibited decreases (Fig. 5 G). We next pre-
sented the transition probabilities of each cell using a circu-
lar projection plot, positioning naive, or intermediate cells at
the center, while mature or fate-biased cells fell in the corners
corresponding to their respective identities. This visualization
highlighted the relationships between cell types during differ-
entiation. From the cell types derived using CIG scores, we
observed that intermediate cell types, such as immature neu-
rons, tend to cluster closer to the middle of the plot, which
is better than the gene expression method (Fig. 5 H). In con-
trast, matured or terminated differentiated cell types, includ- 
ing radial glial cells and neurons, are situated at the corners 
corresponding to their respective identities. These results sug- 
gest that single-cell clustering based on CIG scores can better 
arrange cells in the differentiation trajectory. 

Additionally, we performed optimization to achieve the 
same silhouette score between the pipelines based on gene 
expression value and CIG score ( Supplementary Fig. S7 C,
right, and Supplementary Table S6 ). We observed that the cell 
clusters obtained using the expression values with the opti- 
mized clustering parameters, as well as the original CIG score- 
derived cell clusters, consistently captured all the cell types 
( Supplementary Figs S7 D and 5D, right). The proportions of 
these cell types changed significantly, except for immature neu- 
rons and neuroblast1 ( Supplementary Fig. S7 E), with a few 

changes in a cell cluster label switching observed after opti- 
mization ( Supplementary Fig. S7 F). However, these changes 
did not alter our observation that cell identity transitions are 
more effectively captured by the CIG score than the expres- 
sion value ( Supplementary Fig. S7 G). 

Moreover, to evaluate the contribution of gene expression 

specificity matrices in SCIG prediction and single-cell trajec- 
tory analysis, we removed the expression specificity features 
(Gini and Tau scores) from the SCIG model (Fig. 2 B) and pre- 
dicted the CIG score for each gene in the single cells. This 
model variant failed to recapture all cell types, as one sub- 
population of neuroblasts and radial glial cells was missed 

( Supplementary Fig. S8 A). Additionally, the transition proba- 
bilities between cell types were significantly altered in the neu- 
rogenesis differentiation dataset. For instance, the transition 

probability from neuroblasts to immature neurons dropped 

from 0.58 to 0.15 ( Supplementary Figs S8 B and 5G, right). 
We further extend the analysis by using the expression 

specificity features alone as a SCIG variant model. This model 
was unable to capture all cell types, and the clustering ar- 
chitecture differed substantially from the predictions of the 
full SCIG model ( Supplementary Fig. S8 C). Additionally, the 
predicted CIG scores for all genes were significantly lower 
( Supplementary Fig. S8 D) compared to those obtained with 

the SCIG whole model that includes all features (Fig. 5 C). This 
observation is expected because the gene expression specificity 
matrices used in SCIG were general values computed using the 
comprehensive atlas of many cell types in the public database,
rather than the specific scRNA-seq dataset analyzed by SCIG.
In a further extension of this analysis, we examined two ad- 
ditional variants of the SCIG model that either used gene ex- 
pression alone or retained both gene expression and expres- 
sion specificity. These SCIG variant models successfully recap- 
tured all cell types in the neurogenesis dataset. However, we 
observed that the transition probabilities between neuroblast 
1 and 2, as well as from immature neurons to mature neu- 
rons 1 and 2, were lower than those predicted by the complete 
SCIG model ( Supplementary Fig. S8 E–H). These tests high- 
light the importance of gene expression, expression specificity,
and sequence features for accurate identification of CIGs in a 
given sample. 

SCIG recapitulated the landscape of CIGs in the 

endothelial differentiation process 

We further applied the SCIG algorithm to identify CIGs in 

the scRNA-seq profiles from various stages during the differ- 
entiation of human ESCs (H9) into ECs [ 64 ], including stem 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
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Figure 5. Cell identity score impro v ed single-cell trajectory analysis of neuronal differentiation. ( A ) Venn diagram showing overlap between highly 
variable genes defined based on single-cell gene expression and CIG scores. ( B ) Pathway enrichment analysis of highly variable genes defined based on 
single-cell gene expression and CIG scores. ( C ) Expression level and cell identity score of marker genes that we used to define the cell types in this 
dataset. ( D ) UMAP displaying cell types and differentiation trajectories in the human forebrain glutamatergic neurogenesis dataset. ( E ) Barplot showing 
proportions of individual cell populations clustered based on CIG scores or expression values. ( F ) Chord diagram showing the cells that are switched 
betw een e xpression- and CIG score-based cell clustering . ( G ) Heatmaps depicting transition probabilities quantified using CellRank bet ween cell 
populations clustered based on expression values (left) or CIG scores (right). ( H ) Projection plots showing the fate probabilities of each cell during the 
glutamatergic neuron genesis trajectory. RGC1, radial glial cells 1; RGC2, radial glial cells 2; NeuB1, Neuroblast1; NeuB2, Neuroblast2; imneu, immature 
neurons; Neu1, Neuron 1; Neu2, Neuron 2. 
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cells (day 0), mesoderm (day 4), EC-mesenchymal progeni-
tors (days 6 and 8), and ECs (day 12) ( Supplementary Fig.
S9 A). Subsequent pathway enrichment analysis of the iden-
tified CIGs at each stage revealed stage-related pathways
( Supplementary Fig. S9 B–E). To investigate the relationship
between expressed genes and identified CIGs, we compared
the top 10% highly expressed genes with the top 10% CIGs
and observed only a 26% overlap (Fig. 6 A). Pathway enrich-
ment analysis showed that the unique high-scored CIGs are
enriched with EC functional pathways, including VEGF sig-
naling, BMP signaling, and endothelium development. In con-
trast, the highly expressed genes are involved in housekeeping-
related functions such as RNA splicing and ribonucleoprotein
complex processes (Fig. 6 B). Pearson correlation analysis be-
tween the CIG scores and the expression levels of highly ex-
pressed genes revealed a minimal correlation, which is reason-
able because the CIG score combines expression information
and genetic sequence signatures ( Supplementary Fig. S9 F and
G). Therefore, the CIG score is better than the expression level
for enriching cell identity pathways. 

SCIG exhibited the ability to identify CIGs that are spe-
cific to individual stages. These include the SOX2 [ 5 ] and
POU5F1 (OCT-4) [ 5 ] for stem cells (day 0), the HAND1
[ 109 ], and MIXL1 [ 110 ] for mesoderm cells (day 4), FGF1
[ 111 ] and ZEB2 [ 112 ] for EC-mesenchymal progenitor cells
(day 6 and 8), and the MECOM [ 83 ], and NR2F2 [ 81 ] for
EC (day 12) (Fig. 6 C). Meanwhile, notable overlap of CIGs
between neighboring stages were also recapitulated, e.g. be-
tween stem cells (day 0) versus mesoderm cells (day 4) stages
and EC-mesenchymal progenitors (day 6 and 8) versus ECs
(day 12) stages ( Supplementary Fig. S9 A). Additionally, we
used the SCIGNet to identify the network regulators of CIGs.
Consistent with the literature report, we observed that the
SOX2 [ 5 ], POU5F1 [ 5 ], and OTX2 [ 113 ], served as key regu-
lators in stem cells, PAX2 [ 114 ], HOXC6 [ 115 ], and HAND1
[ 109 ] in mesoderm cells, while the NR2F2 [ 82 ], KLF6 [ 116 ],
and EGR3 [ 117 ] are key regulators in ECs (Fig. 6 D). There-
fore, SCIGNet successfully recapitulated the network regula-
tors governing the differentiation process of human ESCs to-
ward the EC fate. 

SCIG revealed new insight into EC identity 

refinement by tissue microenvironment 

We obtained single-cell transcriptomes representing ECs from
15 tissue types in the DISCO database [ 65 ], including the adi-
pose, bladder, breast, gut, heart, intestine, kidney, liver, lung,
ovary, skeletal muscle, skin, stomach, testis, and thymus tis-
sues. The EC in each tissue type comprises four EC subtypes,
including the arterial, capillary, venous, and lymphatic ECs.
We used SCIG to elucidate the identity gene landscape in each
EC subtype from each tissue type. The algorithm identified a
total of 2067 CIGs, including 86 CIG master regulators. For
each gene, we computed a Tau score representing cell identity
score specificity across all tissues, ranging from 0 to 1. A Tau
score close to 0 and 1 indicates low and high tissue specificity,
respectively. 

Intriguingly, we found CIGs tend to exhibit significantly
greater Tau scores than CIG master TFs (Fig. 6 E). This differ-
ence between CIGs and their master TFs is consistent when
we further analyze each EC subtype across the tissue types,
with the greatest difference observed for venous EC followed
by lymphatic EC ( Supplementary Fig. S10 A–D). The genes
such as EGR3 [ 117 , 118 ], KLF2 [ 119 , 120 ], NR2F2 [ 81 , 82 ],
HOXB5 [ 121 ], ID1 [ 122 ], and KDR [ 123 ] possess moder- 
ate Tau scores, indicating conservation across tissue types,
while AREG [ 124 ], SEMA3G [ 125 ], LEF1 [ 126 ], ILK [ 127 ],
and ARHGEF15 [ 128 ] exhibit greater Tau scores (Fig. 6 F).
The conserved CIG genes are enriched with EC-related bi- 
ological processes and functions (Fig. 6 G). In contrast, the 
low-conservation CIGs demonstrate weaker enrichment in EC 

functions and a greater association with tissue-specific func- 
tions ( Supplementary Fig. S10 E). Expanding this analysis to 

EC master TFs, MEF2C [ 93 ], SOX17 [ 129 ], NR2F2 [ 130 ],
EGR1 [ 131 ], and KLF6 [ 116 ], appeared conserved across tis- 
sue types, while MAFB [ 132 ], ETV1 [ 133 ], TCF15 [ 134 ], and 

HOXD8 [ 135 ] appeared to be less conserved (Fig. 6 H). These 
results imply that the tissue microenvironment, as an addi- 
tional factor to the master TFs in the cells, may play an im- 
portant role in fine-tuning the EC identity. 

Meanwhile, there are also a few differences in CIGs be- 
tween endothelial subtypes (Fig. 6 I). The conserved CIGs of 
each EC subtype across the tissue types include the GJA4 

[ 136 ], CXCL12 [ 137 , 138 ], and NOTCH4 [ 139 ] in arte-
rial EC ( Supplementary Fig. S10 F), the NR2F2 [ 81 ], NRP2 

[ 140 ], and EPHB4 [ 141 ] in venous EC ( Supplementary Fig. 
S10 G), the F ABP5 [ 142 ], SP ARC [ 143 ], and CD36 [ 144 ] in
capillary EC ( Supplementary Fig. S10 H), and the PROX1 

[ 145 ], LYVE1 [ 146 ], and CCL21 [ 147 , 148 ] in lymphatic 
EC ( Supplementary Fig. S10 I). On the other hand, we also 

observed tissue-specific CIGs for each EC subtype. For ex- 
ample, the VEGFC [ 149 ], MYCN [ 150 ], and EFNB2 [ 151 ] 
in arterial EC ( Supplementary Fig. S10 F), the FZD5 [ 152 ],
ARG1 [ 153 ], and LRG1 [ 154 ] in venous EC ( Supplementary 
Fig. S10 G), the VTN [ 155 ], RGCC [ 143 ], and PRX [ 156 ]
in capillary EC ( Supplementary Fig. S10 H), and the CCL4 

[ 157 ], FOXO3 [ 158 ], and MMRN2 [ 159 ] in lymphatic EC 

( Supplementary Fig. S10 I). In the case of master TFs (Fig. 6 J),
the algorithm identified SOX17 [ 160 ] and KLF6 [ 116 , 161 ] in 

arterial EC ( Supplementary Fig. S10 J), NR2F2 [ 81 , 162 ], and 

MEF2C [ 163 ] in venous EC ( Supplementary Fig. S10 K), NFIB 

[ 164 ] and JUNB [ 165 ] in capillary EC ( Supplementary Fig. 
S10 L), and NR2F1 [ 166 ] and NR2F2 [ 167 ] in lymphatic 
EC ( Supplementary Fig. S10 M) as conserved across the tis- 
sue types. These analyses shed light on the heterogeneity 
of endothelial CIGs across tissue types, aiding our under- 
standing of tissue-specific microenvironments in cell identity 
refinement. 

Discussion 

Advancements in high-throughput sequencing technologies,
particularly scRNA-seq, have revolutionized the study of 
gene expressions at a large scale. This technique has en- 
abled researchers to delve into cellular heterogeneity, cell fate 
conversion, and other cellular processes [ 168–170 ]. Inves- 
tigating the role of genes in cellular identity regulation at 
the single-cell level is crucial for gaining insights into cell 
fate conversion and its potential applications in regenerative 
medicine. 

The community has been analyzing CIGs by considering 
differences in epigenetic modification patterns between CIGs 
and other genes in the same cell type, or by considering differ- 
ential expression between cell types. If one could define CIGs 
solely based on gene expression in a cell type without com- 
paring to other cell types, it would offer great advantages.

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
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https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf431#supplementary-data
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Figure 6. SCIG re v ealed ne w insight into EC identity fine-tuning b y tissue microen vironment. ( A ) Venn diagram illustrating o v erlap betw een the top 10% 

highly expressed genes and top 10% high-score CIGs identified by SCIG in ECs. ( B ) Pathway enrichment analysis of the top 10% highly 
expressed-specific genes and top 10% high-score cell identity specific genes identified by SCIG in ECs . ( C ) CIG scores for known marker genes of ESC 

(SOX2, POU5F1), Mesoderm (MIXL1, HAND1), EC-mesenchymal progenitors (FGF1, ZEB2), and endothelial (MECOM, NR2F2) cells during the ESC to 
EC differentiation process. ( D ) Heatmap sho w casing the identified master TFs of CIGs across different stages of ESC to EC differentiation. ( E ) B o x plot 
showing Tau score of CIGs and their master TFs uncovered for ECs across 15 tissue types. ( F ) Heatmap showing the Tau score of endothelial CIGs. ( G ) 
Gene-concept network plot displaying pathways enriched in the endothelial CIGs conserved across 15 tissue types. ( H ) Heatmap showing the Tau score 
of endothelial master TFs of CIGs. ( I ) Heatmap showing Tau score of CIGs in each of the four EC subtypes across 15 tissue types. ( J ) Heatmap showing 
Tau score of CIG master TFs in each of the four EC subtypes. Data for arterial EC (AEC), venous EC (VEC), capillary EC (CEC) and lymphatic EC (LEC) 
were presented. 
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For example, it will be straightforward to implement, mak-
ing it suitable for large-scale analyses using bulk as well as
single-cell expression profiles. However, relying solely on gene
expression-based analysis may not yield optimal results, as
distinguishing between CIGs and other expressed genes, in-
cluding housekeeping genes and genes expressed in response
to some conditions, can be challenging. Epigenetic modifica-
tion profiles are useful because CIGs tend to display unique
modification patterns that do not enrich other gene categories.
However, profiling epigenetic modifications at a single-cell
level represents a current technological challenge. The abun-
dance of available single-cell expression data greatly surpasses
that of epigenetic data, making gene expression-based ap-
proaches more accessible. Thus, we proposed a solution that
combines gene expression information with genetic sequence
signatures, which overcomes the drawbacks of strategies that
rely on expression data alone or in combination with epige-
netic profiles. 

The utilization of cis- regulatory codes in genetic sequence
has proven valuable in predicting transcriptional regulation
[ 27 , 171 ], 3D genome organization [ 172 ], RNA structure [ 24 ],
and more. In our study, we employed a comprehensive set
of genetic sequence signatures, including the PhyloP100way
conservation score, TF-binding motifs, protein-binding mo-
tifs in RNA, miRNA-binding motifs, codon biases, and gene
architectural features, to characterize CIGs. Our analysis re-
vealed intriguing genetic sequence patterns in CIGs compared
to other genes. Specifically, CIGs exhibited greater sequence
conservation in their promoters, demonstrating the impor-
tance of the conserved sequence in a tight regulation of tran-
scription. Additionally, we observed that CIGs are enriched
for binding sites of a large number of TFs and miRNAs, con-
sistent with the reported frequent transcription elongation [ 9 ]
and low RNA stability of CIGs [ 12 ]. Furthermore, the 3 

′ -UTR
regions of CIGs are longer than those of other genes, indicat-
ing a propensity to recruit regulatory factors, such as miRNA.
These findings underscore the significance of cis- regulatory
codes in DNA sequence for characterizing CIGs and shed light
on the potential genetic codes that govern cell identity. Lever-
aging this information, we developed the SCIG algorithm,
which identifies CIGs by combining RNA expression informa-
tion with these genetic signatures. This novel strategy enables
the prediction of CIGs at both the single-cell and bulk levels
based on easily accessible RNA-seq and genetic sequence data.
Utilizing the CIGs identified by SCIG and GRN information,
we further developed the SCIGNet algorithm that analyzes the
expression regulation networks of CIGs to define master TFs
governing a cell identity. Applying SCIG and SCIGNet to di-
verse datasets, including HUVEC cells and atrial and ventricu-
lar cardiomyocytes, successfully identified experimentally val-
idated CIGs and their master TFs. These results demonstrate
SCIG’s capability to uncover key cell identity factors involved
in cell fate determination. 

Utilizing human fetal heart single-cell data, the SCIG-
derived CIG score effectively recapitulated cell types identi-
fied by gene expression analysis. The CIG score provides ad-
ditional sequence signature information along with gene ex-
pression data, significantly enhancing the capture of cell iden-
tities for each cell type. Moreover, network analysis for each
cell type using hdWGCNA revealed that CIG score-derived
network hub genes align with cell identities. In contrast,
expression-derived network hub genes, e.g. for ECs and prolif-
erating cells, are more likely to be enriched for housekeeping-
related functions. This result suggests the superiority of the 
CIG score for constructing CIG network. On the other hand,
in the human neurogenesis dataset, the CIG score more ef- 
fectively organizes cells during single-cell clustering, which 

reflects differentiation trajectory better when compared to 

expression-based analysis. 
We further applied SCIG to explore the spectrum of CIGs 

during the differentiation from human ESCs to ECs, reca- 
pitulating stage-specific CIGs. For instance, SOX2 [ 5 ] and 

POU5F1 (OCT-4) [ 5 ] for ESCs, HAND1 [ 109 ] and MIXL1 

[ 110 ] for mesoderm cells, and NR2F2 [ 81 ] and MECOM [ 83 ] 
for ECs were recapitulated. Similarly, exploring the endothe- 
lial CIG landscape across 15 tissue types revealed putative 
CIGs that are either conserved across tissue types or tissue- 
type specific. Conserved CIGs exhibited stronger enrichment 
in EC-related functions, while specific CIGs were weakly asso- 
ciated with EC-related pathways but significantly enriched in 

tissue-specific functions. Intriguingly, the tissue specificity ap- 
peared to be greater for CIGs than for their master TFs, sug- 
gesting that tissue microenvironment is an important factor in 

addition to the master TF in cell identity refinement. It will be 
interesting to investigate in future how microenvironment re- 
fines CIG expression program in a cell. We envision that one 
potential mechanism might be through cellular signaling in- 
volving cell–cell communications or environmental signals. In 

summary, SCIG is a powerful tool providing insights into cell 
fate determination and regulation. 
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