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1 Data Preprocessing Details

We included 10xVisum datasets from human Dorsolateral Prefrontal Cortex
(DLPFC) [10], Steroseq datasets from mouse olfactory bulb [3], and Slide-seqV2
from mouse olfactory bulb [14] in our analyses. For data preprocessing, we first
filtered the cells and genes for quality assurance. Only cells with at least 500
detected genes and genes expressed in at least 10% of cells were retained. Next,
we normalized the total counts per cell to a target sum of 1e4 and applied a
log transformation to the data. These preprocessing steps aimed to standard-
ize the scale of gene expressions and stabilize the variance, rendering the data
more amenable for the subsequent imputation process. The visualizations of this
filtering process are shown in Fig S1, Fig S2 and Fig S3.

2 Additional Imputation Performance

The imputation results of the other six samples from DLPFC are shown in Table
1. Impeller consistently achieves the best performance.

3 Implementation Details

We use the default parameters as suggested in most baseline methods (details see
the supplementary material). For implementation details, we built Gs with dthr
at 150. We constructed the Gg by designating the 5 nearest neighbors. The path
length parameters, ks and kg, and the number of paths parameters, Ts and Tg

for both the spatial and gene similarity graphs were fixed at 8. The parameters
for Node2Vec [6] like random walks, ps, pg, qs, and qg, were uniformly set to 1. In
terms of model architecture, we set the number of layers, L, to four and selected

an embedding dimension, d
(l)
emb, of 64. We employed the Adam optimizer with
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Fig. S1. Filter visualization for the DLPFC dataset of the 10xVisium platform.

a learning rate of 1e-3 and a weight decay of 5e-4 during training. We halted
training if the performance on the validation dataset didn’t improve over 50
consecutive epochs. We implemented Impeller using PyTorch version 1.12.1 [11]
on an Nvidia GeForce RTX 3090 GPU. Our computational infrastructure runs on
an AMD EPYC 7662 64-Core Processor with 1.0 TiB memory and uses Ubuntu
20.04.6 LTS system.

In our benchmarking analysis, we employed a variety of existing computa-
tional approaches to assess the robustness and accuracy of gene imputation:

1. scVI and gimVI: Utilizing the scVI-tools and scVI-external Python pack-
ages [5, 17], we implemented these methods. Notably, in our gimVI imple-
mentation, the training data encompassed both RNA expression counts and
spatial expression information derived from an identical sample, in this man-
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Fig. S2. Filter visualization for the mouse olfactory bulb dataset of the Stereo-seq
platform.

Fig. S3. Filter visualization for the mouse olfactory bulb dataset of the Slide-seqV2
platform.

ner we trained and ran the gimVI model without reference data, creating a
reference-free version of the original method. We then employed these meth-
ods using their default parameters.

2. Seurat-based Methods: Leveraging the Seurat R-package, we employed
several strategies to deduce nearest neighbors using either expression data
alone or in combination with spatial data [7, 13, 2, 15]. These methods in-
clude:
(a) Seurat-seKNN (Spatial-Expression-Based K Nearest Neighbor):

For gene imputation, this method combines spatial positioning with gene
expression, averaging gene reads from the closest K non-zero neighbors.

(b) Seurat-seSNN (Spatial-Expression-Based Shared Nearest Neigh-
bor): This method computes a weighted average of gene reads, empha-
sizing shared neighbors.

(c) Seurat-eKNN (Expression-Based K Nearest Neighbor): Focus-
ing only on gene expression, it averages gene reads from the nearest K
non-zero neighbors.

(d) Seurat-eSNN (Expression-Based Shared Nearest Neighbor): This
method employs a weighted averaging strategy, giving importance to the
number of shared neighbors.

We optimized these KNN networks on the validation dataset to achieve
peak performance and subsequently recorded their performance on the test
dataset.
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Table 1. Gene imputation benchmark for other six samples of the DLPFC dataset.
Best resutls are bolded.

Metric Method
Platform & Dataset

10xVisium (DLPFC & Sample ID)
151671 151672 151673 151674 151675 151676

L
1
D
is
ta
n
ce wo

scVI 0.653±0.002 0.673±0.001 0.619±0.004 0.546±0.001 0.696±0.004 0.674±0.003
ALRA 0.463±0.001 0.469±0.002 0.437±0.005 0.411±0.002 0.460±0.001 0.451±0.002
eKNN 0.268±0.000 0.271±0.001 0.264±0.001 0.250±0.000 0.269±0.001 0.264±0.000
eSNN 0.987±0.001 1.019±0.000 0.914±0.001 0.785±0.000 1.059±0.001 1.016±0.001
Magic 0.652±0.001 0.667±0.001 0.618±0.000 0.544±0.001 0.697±0.000 0.674±0.000
scGNN 0.519±0.015 0.505±0.011 0.510±0.004 0.450±0.005 0.538±0.009 0.529±0.006

w

gimVI 0.718±0.001 0.735±0.001 0.673±0.002 0.598±0.000 0.759±0.002 0.735±0.001
seKNN 0.281±0.000 0.290±0.000 0.283±0.000 0.263±0.000 0.290±0.000 0.283±0.000
seSNN 0.987±0.001 1.021±0.000 0.915±0.001 0.785±0.000 1.059±0.001 1.015±0.000

Tangram 1.402±0.001 1.441±0.001 1.297±0.001 1.159±0.000 1.434±0.001 1.399±0.000
STLearn 1.141±0.001 1.176±0.002 1.030±0.001 0.883±0.001 1.138±0.001 1.109±0.001

STAGATE 0.277±0.003 0.285±0.004 0.274±0.005 0.256±0.002 0.277±0.000 0.278±0.005
Impeller 0.243±0.006 0.238±0.002 0.239±0.003 0.231±0.003 0.242±0.006 0.233±0.002

C
o
si
n
e
S
im

il
a
ri
ty

wo

scVI 0.902±0.001 0.903±0.000 0.899±0.001 0.900±0.001 0.899±0.001 0.900±0.001
ALRA 0.940±0.001 0.940±0.005 0.936±0.008 0.943±0.002 0.946±0.002 0.947±0.003
eKNN 0.978±0.000 0.979±0.000 0.976±0.000 0.974±0.000 0.979±0.000 0.979±0.000
eSNN 0.846±0.000 0.849±0.001 0.851±0.000 0.860±0.000 0.841±0.000 0.845±0.001
Magic 0.907±0.000 0.909±0.000 0.903±0.000 0.904±0.000 0.904±0.000 0.905±0.000
scGNN 0.923±0.006 0.930±0.003 0.913±0.003 0.916±0.002 0.923±0.002 0.919±0.002

w

gimVI 0.941±0.001 0.947±0.001 0.939±0.002 0.929±0.000 0.946±0.001 0.944±0.001
seKNN 0.978±0.000 0.978±0.000 0.975±0.000 0.973±0.000 0.979±0.000 0.978±0.000
seSNN 0.852±0.000 0.854±0.000 0.855±0.001 0.865±0.000 0.843±0.000 0.848±0.001

Tangram 0.698±0.000 0.705±0.001 0.699±0.001 0.696±0.001 0.708±0.001 0.701±0.001
STLearn 0.720±0.001 0.721±0.001 0.728±0.000 0.745±0.001 0.717±0.000 0.722±0.001

STAGATE 0.978±0.000 0.979±0.000 0.976±0.001 0.973±0.000 0.980±0.000 0.979±0.000
Impeller 0.982±0.000 0.983±0.000 0.981±0.000 0.977±0.001 0.984±0.000 0.983±0.000

R
M
S
E

wo

scVI 0.783±0.002 0.802±0.001 0.744±0.004 0.657±0.001 0.834±0.005 0.802±0.003
ALRA 0.725±0.001 0.733±0.005 0.677±0.013 0.622±0.002 0.718±0.001 0.698±0.002
eKNN 0.366±0.001 0.368±0.001 0.355±0.001 0.331±0.000 0.367±0.002 0.357±0.001
eSNN 1.111±0.001 1.137±0.000 1.034±0.001 0.894±0.001 1.187±0.001 1.133±0.001
Magic 0.780±0.001 0.791±0.001 0.742±0.000 0.654±0.000 0.831±0.000 0.799±0.000
scGNN 0.674±0.023 0.658±0.015 0.667±0.007 0.586±0.007 0.698±0.010 0.693±0.009

w

gimVI 0.845±0.001 0.852±0.001 0.791±0.002 0.712±0.000 0.881±0.001 0.852±0.001
seKNN 0.361±0.000 0.372±0.000 0.362±0.000 0.338±0.000 0.372±0.000 0.364±0.000
seSNN 1.089±0.001 1.115±0.001 1.015±0.001 0.876±0.000 1.164±0.001 1.112±0.001

Tangram 1.483±0.001 1.520±0.001 1.387±0.001 1.249±0.001 1.523±0.001 1.483±0.001
STLearn 1.284±0.001 1.316±0.002 1.176±0.000 1.021±0.001 1.310±0.001 1.266±0.001

STAGATE 0.360±0.004 0.369±0.002 0.355±0.006 0.335±0.002 0.362±0.000 0.361±0.001
Impeller 0.326±0.004 0.324±0.001 0.317±0.002 0.309±0.004 0.325±0.004 0.318±0.001

3. ALRA: For this method, we utilized the Seurat Wrappers package [9].
ALRA is designed to mitigate dropouts by low-rank approximation, offering
a unique approach to the gene imputation challenge.

4. MAGIC: We implemented this imputation method using the scanpy ex-
ternal package [16]. Similarly to the Seurat-based methods we optimized
MAGIC’s parameters for the validation dataset before recording its perfor-
mance on the test dataset.

5. scGNN: This method was implemented using the Python package and de-
fault parameters [18].

6. Tangram:We utilized the Tangram Python package for this implementation
[1]. In our approach, we employed the same spatial transcriptomic data for
both the scRNA reference and the spatial data, creating a reference-free
version of the original method.

7. stLearn: This method was implemented using the stLearn Python package
and stLearn’s default parameters [12].

8. STAGATE: This method was implemented using the STAGATE Python
package and STAGATE’s default parameters [4].
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Fig. S4. Perturbation Study. (A): We randomly selected 100 target cells (red) and
paired each with a nearby cell (blue) within the same brain layer and a distance of 500
to 600 microns, to simulate long-range CCI. We then altered the ligand gene expression
in the blue cells and used various models to assess the receptor gene expression changes
in the red cells. (B): Boxplots display the receptor gene expression changes across
different ligand-receptor pairs and methods, using a log scale on the y-axis. Results
show that Impeller significantly outperforms other graph-based methods, with changes
ranging from 10−2 ∼ 10−1 compared to 10−6 ∼ 10−4, highlighting its superior ability
to capture long-range CCI effects.

4 Additional Perturbation Study

We have added an additional perturbation study to demonstrate our model’s
effectiveness of CCI capture (Fig. S4). First, we used the 10X Visium DLPFC
dataset (sample 151507) alongside CellChatDB [8], which comprises 3,267 human
ligand-receptor (LR) pairs. We identified 39 LR pairs that were highly expressed
in this sample, each by over 15% of cells. Then we randomly selected 100 target
cells (red cells in Fig. S4A) and paired each with a nearby cell (blue cells in
Fig. S4A) within the same brain layer and spaced 500 to 600 microns apart,
simulating long-range CCI. We manipulated the ligand gene expression in the
blue cells—expressed genes were set to 0, and unexpressed genes to 10. Using
different trained models, we measured the significant changes in receptor gene
expression (|∆|) in the red cells. As shown in Fig. S4B, Impeller has significantly
larger changes (10−2 ∼ 10−1) than other graph-based methods (10−6 ∼ 10−4),
which highlights its superior ability to capture long-range CCI effects.

5 Path Construction Analysis

This section provides an in-depth analysis of different path construction methods
and their impacts, focusing on cells at the edges of various layers Fig. S5A.
We use three path construction methods: our method, derived from Node2Vec
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[6]; layer-guided paths, which utilize pre-annotated layer data to ensure paths
include only nodes within the same brain layer of the DLPFC; and cell-type-
guided paths, which utilize PCA and leiden clustering on gene expression to
ensure paths reflect gene similarities by including nodes within the same spatial
cluster.

First, we only construct the spatial graph, categorize cells into various groups,
and focus on cells at the boundary of layers. The imputed results are shown
in Fig. S6A. Both the layer-guided and cell-type-guided paths demonstrate
enhancements across all cell groups, with notable improvements observed at the
border of layer 6 and the white matter (WM), attributed to the distinct gene
expression profiles between these layers (Fig. S7A). This result indicates that
incorporating additional knowledge, such as layer information or gene similarity
profiles, into path construction can enhance imputation accuracy when we solely
rely on the spatial graph.

Next, we explore the impact of these three path construction methods with
both graph modalities (spatial and gene similarity graphs), as shown in Fig.
S6B. Incorporating gene similarity information, the imputation accuracy of the
three methods appears comparable, suggesting that by integrating the gene sim-
ilarity graph, Impeller can address both spatial influences and gene expression
similarities, thus providing effective gene imputation. However, limitations in-
clude the absence of pre-annotated layer data in spatial transcriptomics and lei-
den clustering’s resolution sensitivity (Fig. S7A), which can markedly impact
imputation accuracy with slight adjustments (Fig. S7B). We have included op-
timization options (layer-guided or cell-type-guided spatial path construction)
within our framework. With access to reliable annotated layer information and
clustering outcomes, Impeller is equipped to utilize these insights for construct-
ing biologically meaningful paths in the spatial graph.

6 Gene Similarity Graph Construction Analysis

This section details our exploration of gene similarity graph construction meth-
ods, focusing on the use of highly variable genes (HVG) versus PCA-embedded
(20 and 50 dimensional) distances. Our experiments, conducted with the DLPFC
dataset, compared the efficacy of these methods in gene imputation accuracy and
the corresponding running time. As shown in Fig. S8A, PCA slightly increased
performance for some samples, such as 151509, 151671, and 151674. Regard-
ing computational effort, we compared the time for HVG/PCA calculations and
neighbor searches. As Fig. S8B shows, the total time for HVG and 20-PCA
is similar. Notably, neighbor search in PCA space is quick. Furthermore, most
tasks are completed in under a second, highlighting our graph construction’s
efficiency.
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7 Additional Parameter Analysis

Here we included additional parameter analysis for the number of neighbors in
the gene similarity graph. As shown in Fig. S9, our method is robust across
different numbers of neighbors and samples. We choose 5 as the default number
of neighbors to balance the performance and complexity.
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Fig. S5. DLPFC dataset’s 12 sample border cell visualizations.
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