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Fig. 2. Standard deviation of the AUPRC (%) (upper) and standard deviation of the
portion (%) of newly discovered true positive edges (lower) of different GRN models
on 14 BEELINE datasets out of 10 runs.
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Table 1. Comparison between SOTA GRN models on their properties, inferred GRN
types and methodologies. Model categories include Correlation (Corr), ODE, Regres-
sion (Reg), MI and Tree.

Category Signed? Description

LEAP [10] Corr ✗ A model that uses the maximum Pearson corre-
lations at different time lags as the gene inter-
action strength

SCODE [4] ODE ✓ A linear ODE model for the gene expression
level

GRISLI [1] ODE ✗ A model similar to SCODE but with sparsity
constraint and less restrictions due to the sta-
bility selection algorithm

SINCERITIES [6] Reg ✓ Models the gene distributional shift distances
by linear regression to spot significant gene in-
teractions

PIDC [2] MI ✗ A model that decomposes partial information
and quantifies the unique information between
each pair of genes in all possible gene triplets.

Scribe [7] MI ✗ Causality inferencing model on GRN that com-
putes restricted directed information [8] and its
variants [9]

GENIE3 [3] Tree ✗ A tree model using random forests as predic-
tors and feature importance as gene interaction
strength

GRNBoost2 [5] Tree ✗ A tree model using gradient boosting machines
as predictors and feature importance as gene in-
teraction strength

FlowGRN [11] Tree ✗ A tree model using random forests as predic-
tors and feature importance as gene interaction
strength from cell trajectory reconstructed us-
ing conditional flow and score matching.
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