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Transcriptional regulation through cis-regulatory ele- LAl T : %: 1101111---1110111 A
ments (CREs) is crucial for numerous biological func- Fa A £(F(X\|"°)’Y)Ti§;z§£ s
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redundancy, enabling them to compensate for one an-
other in response to external disturbances. This under-
scores the need for methods to identify CRE sets that
collaboratively regulate gene expression effectively. To
address this:
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CRE dissection as a global feature explanation task. o y: CTT I T x: 1101111---1110111 x ~C Perturbation Values p

= We present GRIDS, a computational method framing
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= GRIDS first builds a differentiable surrogate function
to approximate gene regulation and enable
single-cell modality translation.

= |t then uses learnable perturbations in a state

Figure 1. Overview of our proposed GRIDS method. It comprises two steps: training a cross-modality surrogate
model and using a global explanation method to dissect regulatory redundancy.

transition framework to provide global explanations, Demo on MNIST . . .
efficiently exploring the feature landscape. Experiment on Brain Data (Continued)
To evaluate GRIDS’s global feature importance esti-
- : mation, we tested its ability to identify key features Type L Method Avg. A Rel. A (%)
Preliminary of Single-Cell Data - - - P

in MNIST images. A binary classification model was Random 0448  —0.009
The CRE is represented by the ATAC-seq binary vector (88 2 88 2 o meth:  VIP100 10 Smeoerad 1ot 00,
x € {0, 1}%, where each dimension indicates a chromo- Y S P . ] U smoothtra — 1842 —0.927
) “q » upy» . ods were then used to identify the top L = 64 impor- FIMAP —56.469 —3.087

some peak’s state (“1” for open, “0” for closed). Typi- . .

- . tant pixels, masking them to zero (p = 0). All meth- B B
cally, d, > 10°. Gene expression (RNA-seq) regulated . . GRIDS 64.016 3.827
. p ods produced subsets of L pixels based on their im-
by the CRE is denoted as y € R%, where d, and d, rep- Random 0333 —0.008
. portance scores. - -
resent the number of peaks and genes, respectively. A | Saliency 49379 —1.941
single-cell multi-omics dataset consists of N cells C = . E— — Microglia-100 10 SmoothGrad  —44.125  —2.073
fcV, c? ... ™, with each cell ¢ = (xV), y!9)) con- i E FIMAP —115.092  —5.863
taining an ATAC-seq vector and its corresponding RNA- i GRIDS 141339 7 466
seq vector. Each cell also has a label /) ¢ {1,..., T} Sample 1

indicating its type among T’ classes. Table 2. Cell-type-focused benchmark results in VIP

and Microglia by comparing expression degradation
of highly expressed genes after masking CRE features
in the global explanation subset r.
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Gene expression is regulated by CREs through com-
plex biological processes, modeled as y = F(x), where

Sample 3

F(x) : R% — R%. Due to high experimental costs, fre- Method L =10 L =128
quent queries of the black-box function F are challeng- E HR T S5HRT HR T SHR T
ing. Regulatory redundancy dissection seeks a subset ~-3 Saliency 0.00 000 625 1875
of L peak indices r = {r,...,r.} within the CRE (i.e, SmoothGrad 000 000 0.00 1875
features in ATAC-seq x,. = {x,|j € r}) that are critical FIMAP 1950 1250 1875 56.25
for regulating gene expression across a cell population.
GRIDS 18.75 25.00 31.25 68.75
Global Feature Explanations for Figure 2 An e.xami.nation of the most significant Table 3. The hit ratio of direct CRE-to-gene
Regulatory Redundancy Dissection L = 64 pixels |de|jt|ﬂed by. various methods. Our interact.ions
subset perturbation learning method can find a '
We propose an in silico computational method similar combinatorial pattern as SAGE.
by modeling it within a global feature explanation Highlights
framework. Conventionally, global explanation is de- ] ]
fined by how much a model's performance degrades Experiment on Brain Data " We extend feature explanation techniques to
over an observed population of samples when fea- . . scientific discovery on single-cell data.
tures are removed. In the context of regulatory re- We curated a set of deeply-sequenced single-cell multi- * Through comprehensive benchmarking, GRIDS
dundancy, the global explanation objective can be modal data from postmortem human. We then evalu- demonstrates superior explanatory capabilities
expressed as ated the performance of GRIDS to dISSGC.t multi-CRE-to- compared to other leading methods.
) | gene regulatory redundancy by generating global fea- = Moreover, GRIDS’s global explanations reveal
rt = argr’{mnEmc[C(]:(X\r)aY)] ture importance explanations in the high-throughput intricate regulatory redundancies across cell
where £ is a loss measurement for expected gene single-cell mu.Itl-omlcs. d.ata. The global explanatlo!‘ls types and states, underscoring its potential to
expression degradation. x., denotes the perturbed were learned in the training set and then evaluated its advance our understanding of cellular regulation
CREs induced by r, replacing the original feature x, performance on the test set. in biological research.
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