Downloaded from genome.cshlip.org on June 22, 2026 . Published by Cold Spring Harbor Laboratory Press

TFcomb identifies transcription factor combinations for cellular
reprogramming based on single-cell multiomics data

Chen Li, Sijie Chen, Yixin Chen, et al.

Genome Res. 2025 35: 1429-1439 originally published online April 10, 2025
Access the most recent version at doi:10.1101/gr.279955.124

References This article cites 56 articles, 7 of which can be accessed free at:
http://genome.cshlp.org/content/35/6/1429.full.html#ref-list-1

Creative This article is distributed exclusively by Cold Spring Harbor Laboratory Press for the
Commons first six months after the full-issue publication date (see
License https://[genome.cshlp.org/site/misc/terms.xhtml). After six months, it is available
under a Creative Commons License (Attribution-NonCommercial 4.0 International),
as described at http://creativecommons.org/licenses/by-nc/4.0/.

Email Alerting  Receive free email alerts when new articles cite this article - sign up in the box at the
Service top right corner of the article or click here.

CRISPR and RNAI Genetic Screening. | LEARN
Your new superpower. MORE

CELLECTA

To subscribe to Genome Research go to:
https://genome.cshlp.org/subscriptions

© 2025 Li et al.; Published by Cold Spring Harbor Laboratory Press


http://genome.cshlp.org/lookup/doi/10.1101/gr.279955.124
http://genome.cshlp.org/content/35/6/1429.full.html#ref-list-1
https://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.279955.124&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.279955.124.full.pdf
http://genome.cshlp.org/cgi/adclick/?ad=58174&adclick=true&url=https%3A%2F%2Fcellecta.net%2Ffxlscreen-genres-2301-468x68
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cship.org on June 22, 2026 . Published by Cold Spring Harbor Laboratory Press

Method

TFcomb identifies transcription factor combinations
for cellular reprogramming based on single-cell

multiomics data

Chen Li," Sijie Chen, Yixin Chen,' Haiyang Bian,' Minsheng Hao,' Lei Wei,

and Xuegong Zhang'-?

"MOE Key Laboratory of Bioinformatics and Bioinformatics Division of BNRIST, Department of Automation, Tsinghua University,
Beijing 100084, China; Center for Synthetic and Systems Biology, School of Life Sciences and School of Medicine, Tsinghua

University, Beijing 100084, China

Reprogramming cell state transitions provides the potential for cell engineering and regenerative therapy. Finding the re-
programming transcription factors (TFs) and their combinations that can direct the desired state transition is crucial for the
task. Computational methods have been developed to identify such reprogramming TFs. However, most of them can only
generate a ranked list of individual TFs and ignore the identification of TF combinations. Even for individual reprogram-
ming TF identification, current methods often fail to put the real effective reprogramming TFs at the top. To address these
challenges, we developed TFcomb, a computational method that leverages single-cell multiomics data to identify reprogram-
ming TFs and TF combinations. We modeled the task of finding reprogramming TFs and their combinations as an inverse
problem, and used Tikhonov regularization to guarantee the generalization ability of solutions. For the coefficient matrix of
the model, we designed a graph attention network to augment gene regulatory networks built with single-cell RNA-seq and
ATAGC-seq data. Benchmarking experiments on data of human embryonic stem cells demonstrate superior performance of
TFcomb against existing methods for identifying individual TFs. We curate data sets of multiple cell reprogramming cases
and demonstrate that TFcomb can efficiently identify reprogramming TF combinations from vast potential combinations.
We apply TFcomb on a data set of mouse hair follicle development and find key TFs in cell differentiation. All experiments
show that TFcomb is powerful in identifying reprogramming TFs and TF combinations from single-cell data sets to empower

future cell engineering.
[Supplemental material is available for this article.]

A major aspect of cell engineering is to artificially direct transitions
of different cellular states, including reprogramming of somatic
cells to pluripotent stem cells, directional differentiation of plurip-
otent stem cells to somatic cells, and directional conversions
between somatic cells (Wichterle et al. 2002; Takahashi and
Yamanaka 2006, 2016; Marson et al. 2008). These artificial transi-
tions are collectively referred to as cellular reprogramming. It has
been demonstrated that a small number of transcription factors
(TFs), referred to as reprogramming TFs, are essential to redirect
cell state transitions (Graf and Enver 2009; Buganim et al. 2013;
Morris and Daley 2013). Given the complex biological mecha-
nisms underlying cellular reprogramming, utilizing a combination
of TFs is typically more effective than relying on a single TF
(Takahashi and Yamanaka 2006; Guerrero-Ramirez et al. 2018;
Wang et al. 2021). However, there are roughly 2000 different
TFs in humans (Fulton et al. 2009; Vaquerizas et al. 2009); it is im-
practical to experimentally identify all the reprogramming TF
combinations. Therefore, computational methods for effectively
identifying reprogramming TFs and TF combinations are needed
to reduce experimental burden.

Most of existing methods (Cahan et al. 2014; D’Alessio et al.
2015; Rackham et al. 2016; Qin et al. 2020; Xu et al. 2021; Qiu et al.
2022; Rukhlenko et al. 2022) can only give a ranked list of individ-
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ual TFs and ignore the identification of TF combinations. A few
methods have previously explored the identification of reprogram-
ming TF combinations. Ronquist et al. (2017) tried to identify TF
combinations directing fibroblasts to other cell states by solving
the difference equation constructed by time-series Hi-C and
RNA-seq data, but the algorithm can hardly be extended to other
cell types or states owing to the high data requirements.
NETISCE (Marazzi et al. 2022) employed signal flow analysis
and feedback vertex set control to identify TF combinations.
Although for a specific conversion of cell states, NETISCE only
gives a single TF combination as the output, lacking the quantita-
tive comparison to all the remaining possible TF combinations.
Overall, there still lacks a flexible and effective computational
method that can identify reprogramming TF combinations.

Even for the identification of individual reprogramming TFs,
there are inherent limitations of existing methods that prevent
these TFs from being consistently ranked at the top. These meth-
ods can be generally categorized into three types: dynamic model
based, gene regulatory network (GRN) based, and differential anal-
ysis based. The dynamic model-based methods (Ronquist et al.
2017; Marazzi et al. 2022; Rukhlenko et al. 2022) construct the

© 2025 Li et al. This article is distributed exclusively by Cold Spring Harbor
Laboratory Press for the first six months after the full-issue publication date
(see https://genome.cshlp.org/site/misc/terms.xhtml). After six months, it is
available under a Creative Commons License (Attribution-NonCommercial
4.0 International), as described at http://creativecommons.org/licenses/by-
nc/4.0/.

35:1429-1439 Published by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/25; www.genome.org

Genome Research 1429

www.genome.org


mailto:weilei92@tsinghua.edu.cn
https://www.genome.org/cgi/doi/10.1101/gr.279955.124
https://www.genome.org/cgi/doi/10.1101/gr.279955.124
http://genome.cshlp.org/site/misc/terms.xhtml
https://genome.cshlp.org/site/misc/terms.xhtml
https://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/site/misc/terms.xhtml
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 22, 2026 . Published by Cold Spring Harbor Laboratory Press

Li et al.

difference equations to model the temporal dynamics of cell states.
These models describe how cell states change over time in response
to various internal and external factors. By solving the equations,
the reprogramming TFs can be predicted. However, these equa-
tions are difficult to solve on high-dimensional data containing
thousands of genes, which limits the range of identified TFs. As
for the GRN-based methods (Cahan et al. 2014; Rackham et al.
2016; Qin et al. 2020; Xu et al. 2021), they usually inferred
GRNs for both source states and target states and then utilized
the GRNs to calculate the importance score for each TF during
the cell state transitions. Because of the intuitive parameter set-
tings in the calculation of importance scores, this kind of method
lacks generalization performance on new data sets. The differential
analysis-based methods (D’Alessio et al. 2015; Hammelman et al.
2022; Qiu et al. 2022) can also be a solution to identify the repro-
gramming TFs. For example, the differentially expressed TFs be-
tween target states and source states can be a candidate list of
reprograming TFs. Although these TFs may be important during
the transitions, they do not necessarily direct one cell state to an-
other and thus can hardly meet the needs to identify reprogram-
ming TFs. All the above limitations highlight the need for
improved capabilities in the identification of individual repro-
gramming TFs.

Here, we developed a computational method, TFcomb, to
identify reprogramming TFs and TF combinations using single-
cell multiomics data. TFcomb models the TF identification task
as an inverse problem, and by solving the inverse problem,
TFcomb assigns each TF or TF combination a directing score for
quantitative identification of reprogramming TFs and TF combina-
tions. By incorporating Tikhonov regularization, TFcomb guaran-
tees the generalization ability of solutions and effectively focuses
on key TFs that truly drive state transitions. TFcomb utilizes
GRNs inferred from single-cell RNA-seq and ATAC-seq data, ensur-
ing the inclusion of causal regulatory relationships. Additionally,
TFcomb employs a graph attention network (GAT) to recover miss-
ing regulatory links in GRNs, enabling the identification of repro-
gramming TFs from a broad spectrum of candidate TFs. TFcomb
may serve as an efficient tool for identifying reprogramming TFs

and TF combinations that direct cell state transitions at the sin-
gle-cell level.

Results

Overview of the TFcomb framework

We developed TFcomb as a computational method for identifying
reprogramming TF combinations directing cell state transitions
from the source state to the target state (Fig. 1A). TFcomb takes
both scRNA-seq data and scATAC-seq data as inputs. The scRNA-
seq data should contain cells of both the source and target states.
The scATAC-seq data are not required to be simultaneously se-
quenced in the same cells of the scRNA-seq data but are best de-
rived from similar tissues to guarantee the reliability. These data
are first employed to construct a primary GRN with CellOracle
(Kamimoto et al. 2023) by using scATAC-seq data to infer regulato-
ry directions from TFs to target genes and using scRNA-seq data to
calculate the corresponding regulatory coefficients (Methods).
The dropout events of scATAC-seq data and the incomplete
TF binding motif knowledge may lead to missing important TF-
target links. Following the idea that graph neural networks can pre-
dict the interactions of genes (Chen and Liu 2022; Li et al. 2022),
TFcomb employs a GAT model to enhance the primary GRN by re-
covering missing TF-target links (Fig. 1B). Taking the primary GRN
as the input training data, TFcomb trains a GAT model and then
applies the model to obtain additional putative TF-target pairs
with high confidence (Methods). After GAT enhancement,
TFcomb acquires an enhanced GRN, which has more comprehen-
sive regulatory relations and can better describe the whole transi-
tion process (Supplemental Note 1; Supplemental Figs. S1, S2).
TFcomb models the TF identification task as an inverse prob-
lem (Fig. 1C). With the GRN matrix A and the cell state transition
vector Ay, TFcomb solves the expected alteration vector # of TFs
with Tikhonov regularization (Methods). Then, for each single
TF or TF combination, the corresponding expected alterations
are fixed to get a specific alteration vector £. TFcomb calculates
the Pearson correlation coefficient (PCC) between At and Ay as
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Figure 1. A graphical illustration of TFcomb. (A) Overview of TFcomb. TFcomb can identify the TFs and TF combinations that reprogram the source-cell

state to the target-cell state. (B) TFcomb first constructs a primary GRN with scRNA data and scATAC data, and then it enhances the primary GRN with GAT.
The normalized gene expression and the primary regulatory network comprise the input graph, and each node represents a gene. The whole model con-
sists of the GAT encoder and the multilayer perceptron predictor. A multihead attention mechanism is applied in the GAT layer to stabilize the learning
process. (C) The TF identification task is modeled as an inverse problem and solved with Tikhonov regularization. TFcomb uses the calculated expected

alteration to get the directing score of each TF.
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the directing score, which assesses the importance of a single TF or
a TF combination in directing the cell state transition. The final TF
set is selected based on both expected alterations and directing
scores with a same quantile threshold and is ranked by directing
scores.

TFcomb outperforms baseline methods in identifying individual
reprogramming TFs

To the best of our knowledge, there is not a quantitative bench-
mark of individual reprogramming TF identification for single-
cell data sets. To address this, we adopted a single-cell atlas built
by Joung et al. (2023) to construct the benchmark for reprogram-
ming TF identification. This atlas profiled human embryonic
stem cells (hESCs) infected with a lentivirus library to perform
overexpression of a single-TF-encoding gene in each cell. With
TF overexpression directing hESCs to differentiate into different
cell states, this atlas can be an experimentally validated ground
truth to evaluate the reprogramming TF identification in cell state
transitions. We selected cells of one source state and 15 target
states to construct the benchmark data set (Methods). Each target
state contains a set of ground-truth reprogramming TFs, and the
number of the ground-truth TFs ranges from one to eight (Fig.
2A). For the benchmarking metric, we defined a TF identification
score (TIS) to evaluate the identified reprogramming TFs based
on the rankings and amounts (Methods).

We compared TFcomb with several baseline methods.
Because of the high data requirements, such as the need for
time-series data (Ronquist et al. 2017), we did not include dynamic
model-based methods. GRN-based methods typically require epi-
genomic data such as chromatin immunoprecipitation followed
by sequencing (ChIP-seq) data (Xu et al. 2021) of specific cell types
for inferring GRNS, but these data are not available for the induced
hESC data set as the induced cells cannot be labeled as specific cell
types. To overcome the limitation, we replaced the GRN inference
part of ANANSE with CellOracle and used ANANSE to calculate the

importance score of each TF. For differential analysis methods, we
performed differential expression (DE) analysis between the source
state and the target state by the Wilcoxon rank-sum test. We also
evaluated TFcomb without the GAT enhancement (TFcomb_
WOE) to assess the effect of the GAT module. For each method, a
list of ranked top 10 TFs was generated to perform the benchmark.

As shown in Figure 2C, TFcomb significantly outperformed
DE and ANANSE and achieved higher TISs. TFcomb achieved com-
parable or better performance than DE in 16 of 18 target states, ex-
cept for target states 9-0 and 14 (Fig. 2D). In most target states, such
as the target states 8-1 and 16, the ground-truth reprogramming
TFs ranked high in the TFcomb-identified TF list, whereas they
did not appear in the DE-identified list. ANANSE achieved best per-
formance in target states 1 and 7-2, whereas in most of remaining
states, it showed poor performance. This is reasonable because of
the instability of ANANSE which ignores part of the information
of TFs whose difference between target state and source state is
not statistically significant. Compared with TFcomb_WOE,
TFcomb obtained better performance in five target states (8-0,
9-1,9-2,11-0, and 14), comparable performance in 11 target states,
and poorer performance in two target states (3 and 9-0). Taking
state 8-0 as an example (Fig. 2B), TFcomb identified NR5A2 and
NR5A1 with the fifth and the sixth ranking, respectively, whereas
TFcomb_WOE only identified NASR2 and NR5A1 with the eighth
and 11th ranking, respectively (Supplemental Fig. S3). Besides,
TFcomb raised the rankings of key TF-encoding genes like
GRHL1, KLF4, EOMES, and KLF17 (Supplemental Fig. S3). We
also illustrated the relationship between the recovered links and
the original links for each cell state, suggesting that the improve-
ment may be attributed to that the GAT model learned the broader
regulatory relations of key TFs (Supplemental Fig. 54).

Focusing on the TFcomb-identified TF list for each target
state, each TF is given two biologically meaningful scores of the ex-
pected alteration and the directing score (Fig. 2B; Supplemental
Fig. S5). The expected alteration represents the expression varia-
tion that the TF is supposed to change to direct the source state
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Figure 2. TFidentification benchmarking on a single-cell human embryonic stem cell (hESC) atlas. TFs here refer to genes that encode the corresponding
transcription factors (TFs). (A) UMAP visualization of the single-cell hESC atlas. (B) TFcomb TF identification plot on target states 8-0 and 14. Red lines are the
quantile thresholds to filter 10 TFs. Key TFs are annotated in red. (C) TF identification score (TIS) comparison across 18 target states. The box plots indicate
the medians (c), means (triangles), and first and third quartiles (bounds of boxes). (D) Line plots of TIS comparison across 18 target states.
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to the target state, and the directing score indicates similarity of
the perturbed cell state and the target-cell state after changing
the TF with expected alteration, which is used to rank the TFs.
The identified reprogramming TFs generally exhibited signifi-
cantly higher directing scores than the remaining TFs (Fig. 2B;
Supplemental Fig. S5), which indicates their importance in direct-
ing cell state transitions. We also conducted a one-side f-statistic
test to determine whether the directing score of the key TF is signif-
icantly higher across all states. The results indicate that in most cas-
es, TFcomb infers the key TFs with significantly higher directing
scores (Supplemental Fig. S6). For instance, TFcomb identified
the reprogramming TF LHX6 in target state 16 with the highest ex-
pected alteration and directing score (Supplemental Fig. S5), and
LHX6 in state 16 showed significantly higher direction scores
across all the states (P-value=9.6 x 107*) (Supplemental Fig. S6).

We further examined the target states in which TFcomb ex-
hibited unsatisfactory performance. In some target states, both
TFcomb and baseline methods could not identify any ground-
truth TFs in the top 10 TF list, such as the states 11-1 and 13. We
noticed that the ground-truth TF expression in these cases either
is consistent between the source state and target state
(Supplemental Fig. S7A) or is especially low in the whole data set
(Supplemental Fig. S7B), and these gene expression patterns
make it challenging to identify reprogramming TFs. In state 3,
TFcomb performed slightly worse than TFcomb_WOE. We further
compared the identification result of state 3 between TFcomb and
TFcomb_WOE and found that, with the GAT enhancement,
TFcomb raised the ranking of KLF1 from 14th to 11th and dimin-
ished the ranking of KLF2 from 10th to 12th (Supplemental Fig.
$3). Most cells of state 3 expressed KLF1 and KLF5 with high val-
ues, whereas few cells expressed KLF2 (Supplemental Fig. S8),
which indicates that the GAT enhancement may ignore the key
TFs with low expression in target states. Beyond the aforemen-
tioned cases, because some TFs lack the binding motif in the data-
bases, we missed it at the beginning of GRN inference. For
example, in state 9-0 the reprogramming TF GRHL3 is not included
in the alternative TF list. To overcome such a limitation, we supple-
mented these TFs from existing knowledge databases of TFs regu-
lating targets, such as NicheNet (Methods). We observed that
with the modification, TFcomb could identified GRHL3 with the
24th ranking (Supplemental Fig. S9).

TFcomb identifies reprogramming TF combinations of various
cell reprogramming cases

We then evaluated the performance of TFcomb on identifying re-
programming TF combinations. We collected single-cell data sets
for five different cell reprogramming scenarios of human and
mouse (Supplemental Fig. S10). For the mouse, we investigated fi-
broblasts to keratinocytes (Kurita et al. 2018), fibroblasts to macro-
phages (Feng et al. 2008), fibroblasts to cardiomyocytes (Addis
et al. 2013), and B cells to macrophages (Xie et al. 2004). For hu-
mans, we investigated fibroblasts to induced pluripotent stem cells
(iPSCs) (Takahashi and Yamanaka 2006; Yu et al. 2007; Huangfu
et al. 2008). Each reprogramming case has been extensively inves-
tigated with several reported reprogramming TFs (Fig. 3A). We de-
noted these cases from s1 to s5 for brevity (Fig. 3A).

In these cases, the source- and target-cell states are specified
cell types, and most of the GRN-based methods (D’Alessio et al.
2015; Rackham et al. 2016; Xu et al. 2021) have been applied to
identify the reprogramming TF lists of these cases. Although differ-
ent types of data were used by these methods, the consistency of

the reprogramming cases allows for a direct comparison of the
identified TF lists reported in the literature. We thus compared
TFcomb and TFcomb_WOE with the D’Alessio method (D’Alessio
etal. 2015), Mogrify (Rackham et al. 2016), and ANANSE (Xu et al.
2021). The Mogrify prediction results are downloaded at https://
mogrify.net/, and the results of D’Alessio et al. (2015) and ANANSE
are obtained from the original paper (D’Alessio et al. 2015; Xu et al.
2021). The methods that did not report TF lists of these reprogram-
ming scenarios were excluded in this comparison.

To comprehensively analyze the performance of these meth-
ods, we calculated the average TIS across different scenarios for
each method and illustrated results with a ranking cutoff of the
identified TF list from one to 10. With a TF ranking cutoff from
one to three, TFcomb outperformed other methods with signifi-
cantly higher TISs. With a TF ranking cutoff from four to 10,
TFcomb and ANANSE achieved a higher TIS than the Mogrify
and D’Alessio methods, and the performance of TFcomb and
ANANSE is comparable. Moreover, TFcomb significantly outper-
formed TFcomb_WOE, which indicates that the GAT enhance-
ment module effectively improves the identification result of
reprogramming TFs (Fig. 3B). We provided a detailed example of
the reprogramming case of human fibroblasts to iPSCs to show
how the enhanced GRN improves the performance (Supplemental
Fig. S11). Besides, TFcomb identifies reprogramming TFs with the
highest ranking in four of five reprogramming cases (Supplemen-
tal Fig. S12). These results demonstrate that TFcomb outperforms
baselines and identifies key reprogramming TFs with high ranking.

In addition to the better performance on single reprogram-
ming TF identification compared with existing methods, to the
best of our knowledge, TFcomb is the only method capable of
quantitatively identifying possible TF combinations at single-cell
level. TFcomb can calculate a directing score for each combination
of TFs (Methods). We took reprogramming cases s4 and s5 as exam-
ples. We applied TFcomb to acquire a ranked list of the 40 top TFs
for each case and then calculated and ranked all the possible com-
binations of triple TFs and double TFs for cases s4 and s5, respec-
tively. As shown in Figure 3C, the ground-truth combination of
case s4 (Cebpa, Cebpb, and Spil) ranks the 25th in the total of
9880 combinations, and the ground-truth combination of case
s5 (POUSF1 and SOX2) ranks the eighth in the total of 780 combi-
nations. To further demonstrate that the TF combinations that
TFcomb identified are not simple combinations of identified sin-
gle TFs, we compared the ranking of single TF and double TFs iden-
tified by TFcomb in case s5. As shown in Figure 3D, the top 10
double-TF combinations are all in the format of POU5F1 with an-
other TF. NANOG, MYC, and SOX2, which are part of known repro-
gramming TF combinations, ranked 10th, fourth, and 12th,
respectively, in the single-TF list, but their rankings rose signifi-
cantly to first, second, and eighth in the double-TF list. This result
indicates that TFcomb captures and identifies the interactions
between these known reprogramming TFs and POUSF1. This com-
parison shows that TFcomb can identify reliable TF combinations
instead of simply combining single TFs based on their rankings.
The above results demonstrate that TFcomb can assist and acceler-
ate cell reprogramming experiments without any prior selection.

In wet laboratory experiments, candidate TFs for directing cell
programming are sometimes hand-picked by prior knowledge
or experimental feasibility. To further explore the potential of
TFcomb with hand-picked candidate TFs, we try to identify Yama-
naka factors (Takahashi and Yamanaka 2006) that reprogramed fi-
broblasts to pluripotent stem cells with a combination of four TFs
(POUSF1, SOX2, KLF4, and MYC). We added the 24 candidate TFs
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Figure 3. TFcomb identifies the TFs directing cell reprogramming across different scenarios. TFs here refer to genes that encode the corresponding TFs.
(A) Five reprogramming scenarios (s1-s5) with experimentally validated reprogramming TF combinations. (B) The line plots show the comparison of dif-
ferent methods based on the TIS calculated between identified TFs and ground-truth reprogramming TFs. (C) Ranked TF combinations with TFcomb-pre-
dicted directing scores. The ground-truth combinations of case s4 (Cebpa, Cebpb, and SpiT) and s5 (POU5F1 and SOX2) are marked in red. (D) Comparison
between the single-TF list and double-TF list of TFcomb in case s5. The single ground-truth reprogramming TFs in the rows and the double ground-truth
reprogramming TFs in the columns are both marked in red. (E) Ranked TF combinations with TFcomb predicted directing scores. The Yamanaka factors are

marked in red.

that Takahashi and Yamanaka (2006) chose in their experiment to
our processed single-cell data set. There are 10,626 candidate com-
binations of selecting four TFs in the top 24 TF list, and TFcomb
identified the Yamanaka factor combination with the 50th rank-
ing (Fig. 3E), which suggests that if Takahashi and Yamanaka ap-
plied TFcomb before conducting experiments, they would find
the best combination in the 50th experiment, which leads to a
substantial decrease in both cost and time.

Although we demonstrated the effectiveness of TFcomb
through the ground-truth TFs in reprogramming scenarios, there
are some novel TFs identified by TFcomb with high directing
scores. Although this approach effectively prioritizes potential TF
drivers, we acknowledge the possibility of false positives among
the combinations ranked above the ground-truth ones. Nonethe-
less, we believe that some novel TFs identified by TFcomb could
be effective in reprogramming scenarios. For example, in the repro-
gramming case of human fibroblasts to iPSCs, ID3 is not one of the
ground-truth TFs but is identified as the second TF by TFcomb
(Supplemental Fig. S13). It has been demonstrated that ID3 overex-
pression significantly increased stemness markers in endothelial
cells (Das etal. 2015). Besides, in the reprogramming case of mouse
fibroblasts to cardiomyocytes, Ppargcla is not ground-truth TFs but
is ranked highly by TFcomb (Supplemental Fig. S13). A previous
study (Murphy et al. 2021) identified PPARGC1 as a key regulator
of cardiac maturation. We recommend users critically evaluate the
results inferred by TFcomb in combination with existing literature.

By cross-referencing our predictions with established studies, users
can gain a deeper understanding of the identified TFs and their po-
tential biological significance.

TFcomb identifies key TFs directing mouse hair follicle
development

We then investigated whether TFcomb can identify key TFs direct-
ing cell differentiation. We collected a SHARE-seq data set profiling
mouse skin with paired scRNA-seq data and scATAC-seq data (Ma
et al. 2020). This data set comprises cells of the mouse hair follicle
development system. In this system, transit-amplifying cells
(TACs) differentiate into different lineages: inner root sheath
(IRS), hair shaft, or medulla. These lineages have been utilized to
evaluate various computational methods (Lynch et al. 2022;
Tran et al. 2022). Because of a large imbalance in cell types of orig-
inal data set, we subsampled an equal number of each cell type in
the hair follicle development system and obtained a data set of
2688 cells (Fig. 4A); 2748 genes were retained after gene filtering.
We applied TFcomb on each lineage and selected top 10 TFs as
the candidate TFs (Fig. 4B).

In the IRS lineage, Gata3 is the top one identified TF with an
expected alteration of 0.422 and a directing score of 0.691. It has
been reported that Gata3 plays a direct role in differentially regulat-
ing cell lineages of hair follicle (Kurek et al. 2007), and loss of Gata3
negatively impacts the formation of IRS (Kaufman et al. 2003). Our
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Figure 4. TFcomb identifies key TFs in mouse hair follicle development. TFs here refer to genes that encode the corresponding TFs. (A) UMAP visualiza-
tion of down-sampled mouse hair follicle scRNA-seq data. (B) TFcomb TF identification plot on mouse hair developing lineages of IRS, hair shaft, and me-
dulla. Red lines are the quantile thresholds to filter 10 TFs. DEGs are annotated in bold. (C) UMAP visualization of TAC transiting towards IRS with Gata3
changing the expected variation. (D) Dot plots of gene set enrichment analysis (GSEA) results, showing enrichment of the positively and negatively reg-
ulated target sets of TFcomb-identified TFs within DEGs between TAC and IRS. TFs that rank top three and bottom three are selected. (NES) normalized
enrichment scores, (FDR) false-discovery rate. (E) GSEA plot of TF positively and negatively regulated gene sets within DEGs between TAC and IRS.

identification result is consistent with these existing findings, in-
dicating that Gata3 is a key TF directing the IRS lineage (Fig. 4C).
Among other identified TFs in the IRS lineage, Tfap2a is considered
to be upregulated in IRS during early hair follicle morphogenesis
(Panteleyev et al. 2003), and MAF is known to be involved in
hair morphogenesis of IRS layers (Miyai et al. 2010).

As for the hair shaft lineage, TFcomb identified Lef1 as the top
TF. LEF1 is demonstrated as a key regulator of Wnt/B-catenin sig-
naling in hair shaft differentiation (Nérhi et al. 2008). Besides, in
the identified TFs, RUNX1 is colocalized with LEF1 and is a specific
marker of hair shaft (Raveh et al. 2006), and Hoxcl3 affects
hair shaft differentiation with various alternative mechanisms
(for review, see Awgulewitsch 2003).

Although medulla lineage has been less explored compared
with the other two lineages, we can still find some existing litera-
tures to support our identified TFs. For instance, the deletion of
Prdm1 can result in aberrant medulla cell organization (Telerman
etal. 2017), which indicates the important role of Prdm1 in medul-
la formation. Additionally, Foxq1 is discovered to control medulla
differentiation through a common mechanism as the regulatory
pathway of Hoxc13 (Potter et al. 2006). Even if Foxq1 is not a differ-
entially expressed gene (DEG), it can still be identified by TFcomb,
which suggests TFcomb can identify key TFs even when the differ-
ence between target state and source state is relatively small.

We compared the identified TFs of different lineages and
found an interesting TF, Grhll, identified in all the lineages.
Grhll is known to be dynamically expressed in the interfollicular
epidermis (IFE) differentiation (Joost et al. 2016) and is reported
to associated with all the three lineages (Joost et al. 2020), which
is in agreement with our findings. We hypothesized that GRHL1
may be an important regulator in hair follicle development.

With considerable and reliable support of existing literature, we
verified that TFcomb can identify the key TFs in mouse hair follicle
development.

We further characterized the identified TFs in detail, taking
the IRS lineage as a case. We explored the relationship between
the targets regulated by these TFs and DEGs between the IRS and
TAC lineages. Specifically, we examined the top three identified
TFs (Gata3, Grhll, and Tfap2b) and the bottom three identified
TFs (Nr3c1, Zbtb1, and Brf1). For each TF, we categorized its regulat-
ed targets into positively regulated and negatively regulated groups
according to the regulatory values in our inferred GRN. We then
conducted gene set enrichment analysis (GSEA) on these target
sets using ranked fold changes in DE analysis (Fang et al. 2023).
As shown in Figure 4D, the average normalized enrichment score
(NES) of the top three TFs’ positive target sets is —-3.05, whereas
the bottom three TFs had an average NES of 1.67. Conversely,
the average NES for the negative target sets was 2.72 for the top
TFs and -2.16 for the bottom TFs. The positively regulated target
sets of the top TFs were significantly enriched in genes characteris-
tic of the IRS state, whereas their negatively regulated targets were
enriched in genes associated with the TAC state (Fig. 4E). The re-
sults suggested that TFcomb effectively identifies TFs whose target
genes play crucial roles throughout the transition process.

Discussion

In this paper, we presented TFcomb, a computational framework
to identify reprogramming TFs and TF combinations directing
state transitions. As far as we know, TFcomb is the first method spe-
cially designed for quantitatively identifying reprogramming TF
combinations and can be directly applied on single-cell data sets
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with either annotated cell types or unnamed clusters. The reliance
of TFcomb on single-cell data ensures its flexible scalability, and we
demonstrated that TFcomb exhibits superior performance in cellu-
lar reprogramming under various scenarios. We anticipate that
TFcomb will serve as an effective computational tool to comple-
ment existing experimental methods, particularly in situations
in which candidate combinations are too numerous to be exhaus-
tively tested, situations in which prior knowledge is limited and
needs to be supplemented by algorithmic approaches to narrow
the experimental search space, and situations in which high-
throughput experimental validation is impractical.

We established a comprehensive benchmark framework for
validating computational methods on reprogramming TF identi-
fication. Besides, we collected multiple single-cell data sets of
experimentally validated reprogramming cases to confirm the ap-
plicability of TFcomb in cellular reprogramming. The benchmark
framework and the single-cell data sets may benefit further studies
on the development of related algorithms.

We utilized a GAT module to enhance the GRN and achieved
better performance, especially in real reprogramming scenarios.
The GAT model was trained on a base GRN generated by
CellOracle. CellOracle incorporates scATAC-seq data to establish
regulatory relationships between TFs and their targets, and its re-
gression method primarily captures correlations among genes.
The additional links recovered by GAT can enhance and comple-
ment these correlations. Therefore, GAT recovers missing links to
enhance the model’s ability to capture the importance of key
TFs, rather than attributing a specific biological meaning to every
recovered link. We claim that if a GRN can perfectly captured cor-
relations among genes, the improvement of the GAT module may
be slight.

There are also several avenues for improving TFcomb. Cell
state transition is a continuous biological process, and thus, the
framework of TFcomb can be extended to model TF variations as
a changing tendency during the whole transition. Besides, not
only TFs but also some other regulation components, such chro-
matin regulators, splicing factors, and microRNAs (Badia-i-
Mompel et al. 2023), can be incorporated into TFcomb. In addi-
tion, although the linear model of TFcomb has been proved to
be efficient in this study, it is supposed to be valuable to incorpo-
rate with nonlinear regulatory relations when dealing with more
complex cell state transitions.

Methods

Notations

A is the base GRN inferred from scATAC-seq data, with dimensions
m x 71, where /i1 and 71 denote number of targets and number of
TFs, respectively.

A is the primary GRN inferred from scRNA-seq data using
CellOracle, with dimensions m x n, where m and n denote number
of total genes and number of TFs, respectively.

A is the enhanced GRN by enhancing A with the GAT mod-
ule. The dimensions are m x n.

X is the node feature matrix input to GAT, with dimensions
¢ x m, where c is the total number of source and target cells.

M s the adjacent matrix input to GAT, with dimensions m x m.

L is the binary label matrix indicating the regulatory relations
between TFs and targets, with dimensions m x n.

§ is the notation of source-cell state.

T is the notation of target-cell state.

X, is the processed gene expression data of source-cell state,
with dimensions ¢y x m, where ¢y is the cell number of source-cell
state.

X is the processed gene expression data of target-cell state,
with dimensions c¢; x m, where ¢; is the cell number of target-cell
state.

Ay is the state transition vector calculated by the difference
between averaged X; and X,, with dimensions of m x 1.

t is the variations of TFs, with dimensions 2 x 1.

K is the ground-truth key TF list.

C is the identified candidate ranked TF list.

Data preprocessing

We processed scRNA-seq data following the standard pipeline of
SCANPY (Wolf et al. 2018). We selected highly variable genes
(HVGs) between source and target state cells with a fixed disper-
sion threshold. As the feature selection with HVGs would miss
some important TFs, we further selected TFs to supplement the
gene set of interest. We calculated three sets of TFs: (1) top 400
TFs highly variable in source and target cells, (2) top 100 TFs differ-
entially expressed between source and target cells, and (3) top 100
TFs highly expressed in target cells. We took the intersection of
these sets as supplemental TFs and append them into the gene
set of interest. The final gene set of interest usually includes
2000 to 3000 genes.

Primary GRN construction with CellOracle

As we model cell state transition as a linear process, we expect a
GRN maintaining linear relations between TFs and target genes.
Here we used CellOracle (Kamimoto et al. 2023) to construct linear
GRNs, and it has proved to be more accurate than tree-based en-
semble methods, such as SCENIC (Aibar et al. 2017) and GENIE3
(Huynh-Thu et al. 2010). CellOracle takes both scRNA-seq data
and scATAC-seq data as input.

Following CellOracle workflow, we first used the whole cells of
SCATAC data to construct a base GRN matrix A = [&;;] € R™7,
where 7 and 71 denote number of targets and number of TFs, respec-
tively. Note that target here means a gene that is regulated by a spe-
cific TF, and may also be a TF itself. a;; € [0, 1] represents whether
TF j has a regulatory relation with gene i, and one means yes.
CellOracle locates transcriptional start sites (TSSs) within the acces-
sible chromatin regions, which are also called peaks, and then ap-
plies Cicero (Pliner et al. 2018) to identify the correlated peaks to
the TSS for each gene. Then the DNA sequence of each correlated
peak is used to scan TFs with the gimmemotifs v.5 vertebrate motif
data set (https:/gimmemotifs.readthedocs.io/en/master/). For the
TFs that are not included in the gimmemotifs database, we searched
the corresponding motifs in JASPAR database (Rauluseviciute
et al. 2024). In this way, the TFs and targets can be linked, and af-
ter regulatory score filtering, we acquired the base GRN matrix A.
The calculation of A follows the default parameters of CellOracle.
If a TF misses the motif sequence in the motif databases and it is
required as a candidate TF, we linked it with the targets based on
the existing knowledge database NicheNet to supplement A.

Then a bagging ridge model is applied to predict the expres-
sion of a target gene based on regulatory TFs identified in A, and
the output is a posterior distribution of coefficient value 4;:

1

Vi~ Normal(Z aijyi + G, e), (1)
i=1

ajj ~ Normal(,u&i/,, Ua,,f), )

where y; is the single target gene expression, y; is candidate TF ex-
pression, n; is the number of candidate TFs regulating jth gene,
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and ¢ is the intercept. ¢, R0 and 0y, are parameters of normal
distributions. Then we got the primary GRN matrix
A= [a;;] € R™", where m and n denote number of total genes
and number of TFs, respectively, and 4;; represents the regulatory
coefficient of the jth TF to the ith target. Note that A is acquired
from scRNA-seq data based on the positive links in A, so the size
of A is generally less than A. For each transition from a source-cell
state to a target-cell state, we calculated a primary GRN matrix A,
and the calculation of A follows the default parameters of
CellOracle.

GRN enhancement with GATs

As shown in Figure 1B, the GAT prediction model consists of two
parts, the GAT encoder and the multilayer perceptron (MLP) pre-
dictor. The input of the encoder is the node feature matrix Xe
R and the adjacent matrix M € R, where c is the total num-
ber of source and target cells. X is the processed log-normalized
scRNA-seq expression matrix, and M is transformed from A by
connecting each TF-target pair whose value is not zero in A. X
and M comprise the input graph. In the input graph, each node
is a gene represented by a vector x, ; € R, a column of X. The encod-
er consists of three graph attentional layers, each layer learns a
shared weight matrix, W € RE*F , and takes a set of node features
asinput, G={8, %, ..., &1}, < RY, and produces a new set of node
features, G' = (g}, &, ..., &), & € RY, where Fand F’ are feature
numbers. In the first layer, F is equal to c. The attention coefficient
of gene j to gene i is calculated by

e = a(Wg;, Wg;), 3)

where the attention mechanism a is a single layer feedforward net-
work. Only neighbors of gene i are used to calculate the attention
coefficients, and then, the coefficient is normalized by the
Softmax function:

exp (LeakyRelu(e; ;)

oij = softmax;(e,)) = o= = beakyRelu(e,0)’

4)

where N; is the first-order neighbors of gene i, including i, and
Leaky ReLU is a nonlinear activation function. Multihead atten-
tion mechanism is then applied to stabilize the learning process,
and the output of gene i is

8=l a( 3 afiW', ) ®)
JEN

where | is concatenation operation, and o is the ELU activation

function. For the last graph attention layer, the concatenation is

replaced by averaging

=0 7220‘,/“,](3/ ©)
=1 jEN;

After the GAT encoder, the gene i and gene j are encoded to §; and

&;, respectively. The predicted score of gene i regulating gene j is

calculated by

sij=1&; | i’j), (7)
where fis a three-layer MLP. Here, we denote L=I; ;] € R"™" as a bi-
nary label matrix indicating the regulatory relations between TFs
and targets, and L is transformed from A by converting all the non-

zero values in A to one. Here, we use the binary cross entropy loss
to optimize the model:

I M:

-5 ylogsi) + (- hlog( =) ®

After adding the recovered links, we acquired an enhanced GRN
matrix A e R"".

Model training of GATs

The label matrix L is generally class-imbalanced, and the negative
links are significantly more than positive links. To handle the
problem, we followed the data split strategy of DeepTFni (Li
et al. 2022) using a 10-fold scheme. We split the positive links
into 10 subsets of equal size. One subset and a same number set
of randomly sampled negative links form the test set, and all the
remaining links form the train set. The splitting repeats 10 times,
and each set of the positive links is used for one time as a test set.

The model is built by the PyTorch library and DGL library.
The initial learning rate is 0.01, and Adam optimizer is used to op-
timize the model. The maximum epoch number is 1500, and an
early stopping strategy is adopted. The head numbers of the GAT
layers are fixed to four, four, and six, respectively. The hidden
GAT layer dimension is set to 16, and the output GAT layer dimen-
sion is set to seven.

After the model is trained, for each fold we set the median pre-
dicted value of the test set as the classification threshold. We used
the trained model to predict each TF-target link and assign a value;
these values are classified to zero to one based on the threshold;
and one represents the link is predicted as positive. The links pre-
dicted as positive more than eightfold are retained as candidate re-
covering links. Among these candidate links, tine top 5% links are
further selected to be the final recovering links based on the pre-
dicted scores to discard the false-positive samples. We conducted
experiments to explore how the number of recovered links and
identification performance vary with different recovery ratios,
and we selected a recovery ratio of 5% as the default value
(Supplemental Note 2; Supplemental Fig. $14).

Then we set the final recovering links as positive in A and re-
peat the CellOracle (Kamimoto et al. 2023) GRN calculation pro-
cess of getting A to acquire an enhanced GRN matrix, A € R"™".

Modeling TF identification as a linear inverse problem

Suppose the transition is from source-cell state S to target-cell state
7T . The processed gene expression data of S is Xy € R“*", and pro-
cessed gene expression data of 7 is X; € R*"”, where ¢y and ¢; are
the cell number of S and 7, respectively. We then averaged the ex-
pression across all the cells of S and 7, respectively, to acquire
mean expression vectors ), € R”*! and y; e R™. The state transi-
tion vector can be calculated by

Ay =y —¥o )

where Ay indicates the direction that governs the cell state transi-
tion. We assume the alteration of TFs will direct cells to deviate
from the original state by influencing the regulated target genes.
With a linear GRN matrix, A, we can model the transition process
by the regulating relations of TFs to targets:

At = Ay, (10)

where teR™! represents the variations of TFs. The solving of ¢
with known A and Ay is commonly referred to as a linear inverse
problem (Bai et al. 2020). This equation describes the state transi-
tion that TFs only transmit one-step signals to the regulated
targets, whereas in the GRN the TFs can propagate regulatory sig-
nals with multiple iterations. Following the setting of CellOracle,
we set the propagation iterations to three, and the GRN matrix is
modified as

A’ = MA + \.BA + \3B?A, (11)
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where B=[b;j] e R"" is the GRN matrix transformed from A; for
gene j that regulates gene i, the b; ; is set as the value in A and oth-
erwise is set to zero. 11, 4, and A3 denote the weights of TF propa-
gation of one step, two steps, and three steps, respectively.
Considering the one-step propagation of TFs predominantly influ-
ences the regulatory process, in this paper we empirically fixed 44,
Az, and 23 t0 0.6, 0.2, and 0.2, respectively (Supplementary Note 2;
Supplemental Fig. S15). In our case, the row number m of A’ is larg-
er than the column number n, which leads to an overdetermined
problem and may not have a solution. Consequently, we aim to
find a £ that ensures A't closely resembles Ay. Additionally, we add-
ed the Tikhonov regularization to restrict the range of £, and it can
be solved by

# — argmin (At — Ap|* + AlE)?),
argmin (I vl ) 12)

where A||t|? is a Tikhonov regularization, also called L2 regulariza-
tion, and 4 controls the degree of the regularization. We apply the
ridge regression function in the scikit-learn library (Pedregosa et al.
2011) to solve the problem, and 4 is set to one. The solved # repre-
sents the expected alterations of TFs.

After acquiring the expected alteration vector ¢, for each TF
we calculated a directing score to measure the importance in the
transition procedure. For each TF, keep the corresponding value
and set other values to zero in & to get a new &, and the PCC be-
tween A't and Ay is calculated as the directing score. The final TF
set is selected based on both expected alterations and directing
scores with a same quantile threshold, and is ranked by directing
scores. To acquire a candidate TF list with a specific number, the
quantile threshold is calculated with iterative searching. The di-
recting score of a TF combination could be calculated in a same
way.

Benchmark construction on a TF-overexpression hESC atlas

Joung et al. created a barcoded open reading frame (ORF) library of
3548 TF splice isoforms (Joung et al. 2023). The barcoded TF ORFs
were packaged into lentivirus and then transduced into hESCs at
low multiplicity of infection (MOI) to perform single-TF overex-
pression across cells. These hESCs were then profiled by scRNA-
seq to get a TF overexpression single-cell atlas. After down sam-
pling, the atlas retains 671,453 cells covering 3266 TFs. The origi-
nal atlas is clustered to nine major clusters. Clusters 6-8 are
confirmed to be differentiated cells and were further subclustered
to 25 minor clusters (Joung et al. 2023). Cluster 5 was suggested
as the precursor population for clusters 6-8, based on trajectory
analysis provided in the original paper, and cells in cluster 5
were shown to retain pluripotency based on gene signature analy-
sis in the original paper. Therefore, we consider cells of major clus-
ter 5 to be an appropriate representation of the source state. Then
we randomly sampled 2000 cells in major cluster 5 and combined
them to the 25 minor clusters to form the benchmarking data set.
The 2000 sampled cells are regarded as the source-cell state that
possibly transits to the 25 target-cell states (Supplemental Fig. S16).

In the original paper of the benchmarking data, the overex-
pression of TFs in cells was detected using unique barcodes. Each
target-cell state comprises distinct groups of overexpressed TFs,
and these TFs are considered as ground-truth reprogramming TFs
directing differentiation from the source-cell state to the target-
cell state. For each TF in each target-cell state, we divided the num-
ber of cells that indicate the TF ORF in the state by number of cells
that indicate this TF ORF in the whole atlas to calculate the per-
centage. Then we filtered out the TFs of percentage <5% and
counting cells less than five in each target-cell state, and 15 tar-

get-cell states are retained, with key TFs counting from one to eight
(Fig. 2A).

Then for each target-cell state we defined a TIS between the
ground-truth key TF list K and identified candidate ranked TF list C:
1 Ni N¢ — ranke(hy)

TIS = —
Ne

N (13)

i—1
where Ny is length of IC, N¢ is the length of C, and h; is the ith TF in
K. If h;is in C, rankc¢(h;) means the ranking of h; in C, and the rank-
ing starts from zero. If h; is not in C, rank¢(h;) is set to N¢. We pro-
vided an illustration of TIS calculation in Supplemental Figure S17.
TIS can be a comprehensive metric ranging from one to zero and
considering both the rankings and numbers of identified TFs.

Data sets

The scRNA-seq data of hESCs with TF overexpression were
downloaded from the NCBI Gene Expression Omnibus (GEO;
https://www.ncbi.mlm.nih.gov/geo/) under accession number
GSE217215, whereas the scATAC-seq data providing the base
GRN were obtained from GSE174367. For reprogramming cases
s1 and s2, the scRNA-seq data were retrieved from GSM5696148
and the scATAC-seq data from GSM5696149. The data for repro-
gramming case s3 were sourced from GSMS5795776 (scRNA-seq)
and GSM4644946 (scATAC-seq), whereas case s4 data were
obtained from GSM4644956 (scRNA-seq) and GSM4644948
(scATAC-seq). For reprogramming case s5, the scRNA-seq data
were downloaded from https:/www.hipimmuneatlas.org/, and
the scATAC-seq data were obtained from ArrayExpress (https://
www.ebi.ac.uk/biostudies/arrayexpress) under accession number
E-MTAB-11616. The data of mouse hair follicle development
were downloaded from GSE140203.

Software availability

The code of TFcomb is available at GitHub (https://github.com/
Chen-Li-17/TFcomb) and as Supplemental Code. We also provid-
ed detailed documentation and tutorials for using TFcomb at the
Read the Docs website (https://tfcomb.readthedocs.io/en/latest/).
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