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Abstract

Single-cell technology depicts integrated tumor profiles including both tumor cells and tumor microenvironments,
which theoretically enables more robust diagnosis than traditional diagnostic standards based on only pathology.
However, the inherent challenges of single-cell RNA sequencing (scRNA-seq) data, such as high dimensionality, low
signal-to-noise ratio (SNR), sparse and non-Euclidean nature, pose significant obstacles for traditional diagnostic
approaches. The diagnostic value of single-cell technology has been largely unexplored despite the potential
advantages. Here, we present a graph neural network-based framework tailored for molecular diagnosis of

primary liver tumors using scRNA-seq data. Our approach capitalizes on the biological plausibility inherent in the
intercellular communication networks within tumor samples. By integrating pathway activation features within

cell clusters and modeling unidirectional inter-cellular communication, we achieve robust discrimination between
malignant tumors (including hepatocellular carcinoma, HCC, and intrahepatic cholangiocarcinoma, iCCA) and
benign tumors (focal nodular hyperplasia, FNH) by scRNA data of all tissue cells and immunocytes only. The efficacy
to distinguish iCCA from HCC was further validated on public datasets. Through extending the application of high-
throughput scRNA-seq data into diagnosis approaches focusing on integrated tumor microenvironment profiles
rather than a few tumor markers, this framework also sheds light on minimal-invasive diagnostic methods based on
migrating/circulating immunocytes.
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Introduction

Primary liver tumors can be classified into two major
types: primary liver cancer and benign lesion. Primary
liver cancer is the sixth most commonly diagnosed can-
cer and the third leading cause of cancer death world-
wide in 2020, with approximately 906,000 new cases and
830,000 deaths in 2020 [1, 2]. Hepatocellular carcinoma
(HCC) and intrahepatic cholangiocarcinoma (iCCA) are
two major pathological subtypes of primary liver cancer.
Liver benign lesions, like angiomyolipoma (AML), focal
nodular hyperplasia (FNH) and hepatocellular adeno-
mas, are generally asymptomatic and do not require spe-
cific treatment but rather image-based monitoring [3, 4].
While for HCC and iCCA, timely treatment is critical to
improve the survival. However, accurate and rapid diag-
nosis is challenging in clinical practice [5].

Serum biomarkers such as alpha fetoprotein (AFP) in
combination with classical radiology were commonly
used for diagnosis of HCC [6-8]. Elevated AFP (cut-off of
>20 ng/mL) was detected in only 39% of HCC [9], mak-
ing it controversial as a surveillance biomarker for HCC
[10]. Additionally, identifying the property of the lesions
can sometimes be challenging [11], although magnetic
resonance imaging (MRI) and contrasted computed
tomography (CT) are routinely used for diagnosis of
liver tumors [2, 4, 8, 12, 13]. Furthermore, radiology tests
largely rely on the interpretation of well-trained radiolo-
gists [5, 14].

Pathology is a gold standard for tumor diagnosis [4, 13,
15, 16]. Biopsies of liver lesions can clarify their proper-
ties and molecular typing, which can provide valuable
guidance for the treatment and prognosis prediction.
However, adequate and high-quality tissue specimens,
strict procedure of staining slides, and well-trained
pathologists are needed to make correct diagnosis [17,
18]. Moreover, the routine histological features on hae-
matoxylin-eosin (H&E) staining are often insufficient
to make definitive diagnosis, multiple immunohisto-
chemical staining often need to be performed. There-
fore, exploring novel methods to diagnose liver tumors is
important.

Recently, single-cell RNA sequencing (scRNA-seq)
have depicted the integrated profiling of individual cells
in tumor microenvironment. Machine learning (ML) and
artificial neural networks (ANN) enables single-cell tech-
nology to better characterize distinct cell subsets, quan-
tify inter-cellular communication, dissect cell fate branch
points [19]. Such technologies help to better understand
properties of tumor cells and their interactions with the
microenvironment, making it a potential tool for tumor

diagnosis [20]. Currently, scRNA-seq technologies are
mainly used in basic research at cell-level, rather than
clinical diagnoses at patient-level [21]. Despite research-
ers have used omics data and simple ANN in diagnosis of
carcinoma of unknown primary (CUP) in clinical setting
[22-24], ANN models based on scRNA-seq data remain
largely unexplored.

Hence, we reported a pilot exploration of tumor diag-
nosis based on the scRNA-seq of human liver tumors
using a biologically-inspired graph neural network
(GNN). We first successfully distinguished primary liver
cancers including HCC and iCCA from benign lesions
such as FNH. We then constructed a pathologist-inde-
pendent automated workflow characterizing no expertise
or manual work (i.e. cell annotation) for raw scRNA-seq
data processing. Our framework is also applicable to
scRNA-seq data of immunocytes in the absence of tumor
cells, validating its ability to diagnose based on the sys-
temic features of tumor microenvironments. The capa-
bility to distinguish two subtypes of primary liver cancer
(HCC and iCCA) by our framework is also validated in
both internal and public datasets.

Results

Diagnosis algorisms based on traditional scRNA analysis
protocol

We initially adopted the traditional scRNA-seq analy-
sis protocol to differentiate between benign and malig-
nant tumor samples [20]. We aggregated all patient data,
performed dimensional reduction and clustering, and
manually annotated the epithelials&hepatocytes, which
include both benign and malignant tumor cells. We
then identified the top 10 differentially expressed genes
between epithelials&hepatocytes of benign and malig-
nant tumor samples, and used their averaged expres-
sions in epithelials&hepatocytes annotated from each
sample to train a Multilayer Perceptron (MLP). How-
ever, this method performed poorly, achieving an Area
Under the Curve (AUC) value of only 0.52, an accuracy
(ACC) of 48%3%, and an F1 score (F1) of 0.50%0.02.
These results indicate that the traditional scRNA-seq
analysis approach, which focus on figuring out tumor
gene biomarkers expressed in tumor cell clusters through
mannually annotation, was not sufficient to reliably dis-
tinguishing between benign and malignant tumor sam-
ples. Therefore, new data-driven methods distilling more
stable and global features from original expression data is
needed, to create more reliable and objective diagnostic
pipeline.
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The gossip flow (GF) framework

Inspired by intercellular signal transduction process
within tumor microenvironment such as antigen pre-
senting and leukocyte recruiting [25], we developed the
Gossip Flow (GF) model, a GNN-based model for the
diagnosis of liver tumors, based on intercellular inter-
actions, pathway enrichment, and cell clustering. The
entire diagnostic framework can be automatedly per-
formed based on scRNA-seq data. Our model is named
Gossip Flow because it was adapted from GNN archi-
tectures used to analyse social interactions [26]. GF does
not attempt to directly distinguish tumor cells from
all the cells collected from the sample but rather pic-
tures and amplifies the difference through inter-cellular
interactions.

GF starts by dimensional reduction and clustering.
Based on the result of unsupervised clustering, origi-
nal expression matrix is further processed into pathway
enrichment score (PES) matrix and inter-cluster commu-
nication features (CNT) matrix through Gene Set Varia-
tion Analysis (GSVA) pathway enrichment analysis and
CellChat ligand-receptor interaction probability estima-
tion, respectively. A cell activation and interaction graph
structure is then generated from these two matrices. PES
matrix serves as the node features (f;;,, enrichment
scores of K representative pathways of cell cluster i) while
the CNT matrix represents edge weights (e;;, the aver-
age directional ligand-receptor interaction probability
from cell cluster i to j), ensuring the message propagation
direction in the following directed graph convolutional
network (DGCN) layers in alliance with the direction of
the ligand-receptor message-passing pathways in vivo.
The graph structure serves as input for a L layer DGCN
with a master node (node O, hoo padded with zeros)
added to receive projections from all other nodes(e;, = 1,
€pii=0)=0) and integrating features for readout [27]. The
feature vector of the master node of the final layer (hoL)
then projects to the output node via a fully connected
(FC) layer. All the DGCN layers share the same set of
trainable parameters (W represents intra-node message
propagation, while W, represents inter-node message
propagation, in every layer) to avoid overfitting. Consist-
ing of extremely few trainable parameters compared with
normal ANN models, GF can be reasonably applied in
prediction tasks with relatively small samples.

A graphical workflow of the GNN diagnosis framework
based on liver tissue scRNA-seq is shown in Fig. 1.

GF robustly classified primary liver cancer (iCCA&HCC)

from benign tumors (FNH)

Referring to a suitable number of markers depicting of
the microenvironment [28-35], we selected the top 10
statistically significant pathways in each of the 6 major
cell types we mannually annotated (k=10). Considering
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that most cell-cell interactions like antigen presenting
are unlikely to exceed three layers of trans-cellular signal
transduction [36], we set the message propagation layer
to three (L=3). Based on these two roughly estimated
hyperparameters (k=10, L=3), our GF model achieved
an AUC value of 0.75, an ACC of 70%+2%, and an F1
score of 0.70£0.02, which is significantly more satisfac-
tory compared to our previous diagnostic framework
that followed the traditional scRNA analysis pipeline.
(Fig. 2A-D)

To figure out the general robustness of our framework,
we are curious whether our model is sensitive to hyper-
parameters tuning. Major hyperparameters of GF model
are number of top significant pathways selected from
each cell type (k) during choosing representative path-
way selecting and number of DCGN message-propaga-
tion layers (L). We tested GF models using k around 10
(ke{4,6,8,10,12,14}), and L around 3 (L€{2,3,4}). Among
all the GF models we tested, the best AUC value of 0.79
was achieved when k was set tol4, and L was set to 3.
An ACC of 73x2% (meanzstandard deviation (SD))
was obtained for distinguishing malignant tumors from
benign tumors, accompanied by an F1 of 0.7410.03.
Besides, there are no significant difference in accuracies
and F1 scores if top 12 or 14 significent pathways were
selected in each 6 major cell types, indicating such num-
bers of pathways are adequate for depicting microen-
vironment. (Fig. 2E&F and Table S1) GO numbers and
names of pathways after excluding repeated and not avail-
able ones in GSVA are shown in Table 1, while selecting
details are shown in Methods section and Supplementary
Material 2. Similarly, 2 or 3 layers of message propagation
resulted in similar performance, while 4 layers of message
propagation do not achieve as good performance, possi-
bly due to few biological processes involving 4 layers of
inter-cellular communication in tumor microenviron-
ments in vivo. (Fig. 2G&H and Table S2)

Some of the parameters in data preprocess, though nor-
mally set as default, may still affect the robustness of the
framework, especially the CellChat may be affected by
the number of input clusters. Hence, we also conducted
a sensitivity test on the models’ capability of dealing with
testing samples of varied number of cell clusters yielded
by altering Principal Components Analysis (PCA) resolu-
tion (RES). Detailed numbers of clusters of each sample
under different resolutions see Supplementary Material
3. Despite the number of clusters changed, our model
maintained relatively high performance. (Fig. 2G-I)

In all, GF framework is relatively robust across hyper-
parameters within a reasonable range, both at the level of
connectivity calculation (CellChat), input pathway num-
bers, and the layer of message propagation.
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Fig. 1 The architecture of the Gossip Flow (GF) framework. The figure illustrates the workflow and architecture of the Gossip Flow (GF) framework for
processing scRNA-seq data from tissue samples. Sample Collection and Sequencing: Tissue samples are collected from each patient and subjected to
scRNA-sequencing. Dimensionality Reduction and Clustering: The gene expression matrix generated from the scRNA-seq data undergoes dimensionality
reduction and clustering analysis, resulting in multiple cell clusters for each sample. Pathway Enrichment Scores (PES) Matrix: For each cell cluster, GSVA
pathway enrichment scores are calculated for K selected functional pathways, forming the PES matrix, which serves as the node features of the input
graph structure. Inter-cluster communication features (CNT) Matrix: The unidirectional intercellular communication probability between N cell clusters
is calculated via CellChat based on overexpressed ligands and receptors, forming the CNT matrix, which serves as the edge weights of the input graph
structure. Graph Construction: Shown in the yellow dotted frame. The PES matrix and CNT matrix are used to construct the input graph structure. A mas-
ter node (node 0) is added to receive projections from all other nodes, integrating features for readout. Directed Graph Convolutional Network (DGCN):
Shown in the blue dotted frame. The graph structure is input into a DGCN with L layers. All DGCN layers share the same set of trainable parameters
(W,&W,) to avoid overfitting. The master node collects global features. The red dotted frame dipcts part of the message-propagation details of node 1
in the first layer of DCGN as an example, which is biologically-inspired by intercellular signal transduction process in vivo. Output Projection: The feature
vector of the master node in the final layer (hoL) is projected to the output node via a fully connected (FC) layer. * Created with BioRender.com
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Fig.2 GF robustly classified primary liver cancer (iICCA&HCC) from benign tumours (FNH). A. Schematic figures of GF framework (blue arrow) and control
diagnostic MLP model following traditional single-cell RNA analysis pipeline (grey arrow). B-D. Receiver operating characteristic (ROCs), accuracy (ACCs)
and F1 scores (F1s) of GF framework and control MLP model following traditional single-cell RNA analysis pipeline (MLP). Each LOOCV test was repeated
10 times. E, F. ACCs and F1s of 3-layer directional GF models with different top k differentiate pathways of 6 cell groups. Each LOOCV test was repeated 5
times. G, H. ACCs and F1s of testing results of GF models with different DGCN layers and message propagating directions. Each LOOCV test was repeated
5 times. I-K. ROCs, ACCs and F1s of the GF models tested on data generate from different PCA resolution (RES=0.3,0.5,0.7). Each LOOCV test was repeated
10 times. All the ACCs and F1s are presented as means + standard deviations (SDs). All the error bars depict SDs, while red horizontal dotted lines represent
the level of random chance (50%)
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Table 1 Representative pathways: selected top 14 differentially
activated pathways of GO datasets for each 6 distinct cell types
within benign and malignant tumor samples

ID Description Differen-
tiate cell
types

GO:0001667 ameboidal-type cell migration Endo, Fib

GO:0042113 B cell activation B

GO:0072562 blood microparticle Epi

GO:0030055 cell-substrate junction B, Endo,
Epi, Fib,
Mye

G0:0062023 collagen-containing extracellular matrix ~ Endo, Epi

GO:0002181 cytoplasmic translation B, Epi, Mye

GO:0022625 cytosolic large ribosomal subunit Mye

G0O:0022626 cytosolic ribosome B, Epi, Mye

GO:0005788 endoplasmic reticulum lumen Fib

GO:0043542 endothelial cell migration Endo

GO:0003158 endothelium development Endo

GO:0050673 epithelial cell proliferation Endo

GO:0045229 external encapsulating structure Fib

organization

GO:0005201 extracellular matrix structural constituent  Fib

GO:0101002 ficolin-1-rich granule Mye

GO:0006091 generation of precursor metabolites and  Epi

energy

GO:0007159 leukocyte cell-cell adhesion Mye, NKT

G0O:0002443 leukocyte mediated immunity B

GO:0002449 lymphocyte mediated immunity B

GO:1,903,131 mononuclear cell differentiation NKT

GO:0006936 muscle contraction Fib

GO:0003012 muscle system process Fib

G0O:0030099 myeloid cell differentiation NKT

GO:0050867 positive regulation of cell activation B, NKT

G0:1,903,039 positive regulation of leukocyte cell-cell B, NKT

adhesion

G0:0050870 positive regulation of T cell activation NKT

G0O:0022407 regulation of cell-cell adhesion NKT

GO:1,903,706 regulation of hemopoiesis NKT

GO:0052547 regulation of peptidase activity Fib

G0O:1,901,342 regulation of vasculature development Endo

GO:0044391 ribosomal subunit B, Epi, Mye

GO:0005840 ribosome Epi, Mye

G0:0002040 sprouting angiogenesis Endo

GO:0003735 structural constituent of ribosome B, Epi, Mye

GO:0042110 T cell activation B, Endo,
Mye, NKT

GO0:0030217 T cell differentiation NKT

G0O:0070820 tertiary granule Mye

GO:0090130 tissue migration Endo

G0O:0031983 vesicle lumen Epi

GO:0042060 wound healing Fib

Abbreviations B, B cells; Epi, epithelial cells and hepatocytes; Endo, endothelial
cells; Fib, fibroblast; Mye, myeloid cells; NKT, NK cells and T cells
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GF integrates both intercellular communication features
and pathway activation features while predicting

To verify that our GF model successfully integrated both
inter-cluster communication features (CNT matrix) and
pathway activation features (PES matrix) calculated from
raw scRNA-seq data during diagnosis, we validate the
performance of our model on partially polluted testing
data. To assess the significant of inter-cellular commu-
nication (CNT matrix) to our diagnostic framework, we
replace the edge weight of input graph data with Gauss-
ian noise generated randomly of the same shape, while
the node feature still valid PES matrix (PES). (schem-
tic figure see Fig. 3A). An AUC of only 0.46, an ACC
of 49+1%, and an F1 of 0.51+0.01 were achieved on
PES data, indicating that inter-cluster communication
features are essential for the efficacy of the GF model
(Fig. 3B-D).

Similarly, we tested graph data preserving only edge
weight preserved, while node features replaced by Gauss-
ian noise generated randomly rather than valid PES
matrix (CNT). An AUC of 0.56, an ACC of 51+2%, and
an F1 of 0.53+0.01 were achieved, indicating that the
pathway activation features are also essential for the effi-
cacy of the GF model (Fig. 3B-D).

As designed, both the pathway enrichment features and
inter-cluster communication features are essential for the
high performance of GF models.

GF requires a biologically plausible message propagation
direction

To further investigate how GF collects features during
message propagation, we constructed toy models with
hyperparameters identical to those of GF. In contrast,
the message was propagated in an undirected manner
among all the nodes except for the master node, which
kept receiving inputs from other nodes for readout (undi-
rected GF, UGF). (schemtic figure see Fig. 3E). An AUC
of only 0.51, an ACC of 49%2%, and an F1 of 0.52+0.02
were achieved by UGE. We also reversed the message
propagation direction of GF (trans-directed GF or TGF).
An AUC of only 0.5, an ACC of 53%+2%, and an F1 of
0.5510.02 were achieved (Fig. 3F-H).

The toy models failed to perform diagnosis when the
message propagation process was set either undirectedly
or trans-directedly, which further suggests that GF relies
on biologically plausible message propagation processes
while collecting and analysing sparsely distributed fea-
tures within the transcriptome.

GF can be applied on transcriptome data of immunocytes
only

Emulating a clinical scenario where a biopsy failed to
obtain an adequate number of tumor cells, such as a
biopsy missing the small target getting only paratumor
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(See figure on previous page.)

Fig. 4 The GF model can be applied to scRNA data of immunocytes and distinguish subtypes of primary liver tumours. A. Schematic figures showing
GF models applied on scRNA data of all cells and immunocytes only. B-D. ROCs, ACCs and F1s of GF model applied on transcriptome data consisting of
whole cells and immunocytes (BM_immuno). An AUC of 0.77,an ACC of 0.70+0.02 and an F1 of 0.70+ 0.02 were achieved when testing on immunocytes,
verifying the capacity of the GF framework to capture the systemic features of tumour microenvironments and its robustness in tackling tissue samples
with high heterogeneity. E-G. ROCs, ACCs and F1s of the best GF model in terms of distinguishing subtypes (iICCA and HCC) of primary liver tumours
when applied on transcriptome data consisting of whole cells (IH)/immunocytes (IH_immuno). An AUC of 0.74, an ACC of 0.75+0.02 and an F1 of
0.72+0.03 were achieved by IH model of whole cells. An AUC of 0.72, an ACC of 0.72+0.03 and an F1 of 0.70+ 0.03 were achieved by IH model of immu-
nocytes. An AUC of 0.75, an ACC of 0.67 +0.04 and an F1 of 0.67 +£0.05 were achieved when testing on public data of whole cells. An AUC of 0.72, an ACC
of 0.83+0.04 and an F1 of 0.82+0.04 were achieved on public data of immunocytes. For all the models tested on internal datasets via cross-validation,
tests were performed through ten rounds of LOOCV tests. Each test performed on public data was repeated 10 times. All the ACCs and F1s are presented

as means + standard deviations (SDs). All the error bars depict SDs, while red horizontal dotted lines represent the level of random chance (50%)

tissues infiltrated by immunocytes, we applied the GF
framework on scRNA-seq data consisting solely of
immunocytes selected from each sample.

Remarkably, despite lacking transcriptome data from
tumor cells, GF framework on scRNA-seq data of immu-
nocytes (BM_immuno) yielded promising results: An
AUC of 0.77, an ACC of 70£2%, and an F1 of 0.70£0.02
were achieved. (Fig. 4B-D).

Our findings substantiate our hypothesis that GF does
not rely solely on tumor cell markers for predictions,
unlike many conventional molecular pathology diagnos-
tics. Instead, it captures differences between the micro-
environments of benign and malignant tumors in an
integrative manner. This is evidenced by the framework’s
sustained diagnostic performance, even when provided
with transcriptome data exclusively from immunocytes,
absent from any input from tumor cells.

GF can be applied to the classification of iCCA from HCC
We further applied the GF framework to distinguish
iCCA from HCC (IH). We performed the similar sen-
sitivity test as previous. Performances of models with
different number of pathways, number of layers and
opposite message propagation directions are shown in
Table S3&4. GO numbers and names of pathways after
excluding repeated and not available ones in GSVA are
shown in Table 2, while selecting details are shown in
Methods section and Supplementary Material 4. The best
AUC of 0.74 was achieved when the number of DGCN
layers in the model was set to 2. An ACC of 75£2% and
an F1 of 0.721£0.03 were obtained by this model. Simi-
larly, we tested the GF framework on only immunocytes
(IH_immuno) selected from each sample. An AUC of
0.72, an ACC of 72+3%, and an F1 of 0.70£0.03 were
achieved when testing on immunocytes (Fig. 4E-G).

To further validate the generalization of our model,
we tested the GF model trained on our internal data-
set directly on public datasets (public_IH). An AUC
value of 0.75 and an ACC of 67+4% were obtained for
distinguishing iCCA from HCC, accompanied by an
F1 of 0.6710.05. We also tested the GF framework on
only immunocytes selected from each sample of public
data (public_IH_immuno). An AUC of 0.72, an ACC of

83+4%, and an F1 of 0.82+0.04 were achieved when test-
ing on immunocytes. (Fig. 4E-G).

Discussion

Tailored for distilling more robust representations of
tumor microenvironments through scRNA-seq, our GF
framework successfully demonstrates the feasibility of
using ANN models to automatically diagnose benign
and malignant tumors. Furthermore, our framework can
also effectively distinguish HCC from iCCA. Even impor-
tantly, we apply our framework on scRNA data of only
immunocytes to identify the property of liver tumors.
Our framework represents a novel and automated diag-
nostic method for liver tumor, other than serum bio-
markers, radiologic and pathologic methods.

Our study proposes a data-processing pipeline to dis-
till diagnostic information from scRNA data. Despite
the high-dimensional and high-resolution advantages
of scRNA-seq, there are challenges in feeding the origi-
nal scRNA expression matrix into appropriate diag-
nostic models. On one hand, scRNA expression matrix
typically contain a vast number of genes and cells but
a relatively small number of samples, which can lead to
overfitting. Additionally, at the single cell and gene level,
noise is introduced during the biological data generation
process, either from sample preparation or experimen-
tal operations [37]. Consequently, many gene biomark-
ers exhibit poor stability and are rarely replicated in
other studies, making it challenging to transfer findings
from one dataset to another due to overfitting and the
low signal-to-noise ratio in many gene expressions [38].
Therefore, using these low reproducible gene biomarkers
is not a proper solution for diagnosis directly on scRNA
data. Hence, we employ dimensional-reduction, cluster-
ing, and pathway enrichment, to compress the sparse
and non-stable (low reproducible) original expression
matrix into a non-sparse and more stable format, which
is more suitable for modelling. Furthermore, by calcu-
lating enrichment scores and inter-cluster communica-
tion features, we distil biologically-plausible information
based on prior knowledge. Non-Euclidean nature serves
as another challenge for modelling on scRNA data. After
pre-processing, sScCRNA-seq data at the patient level still
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Table 2 Representative pathways: selected top 12 differentially
activated pathways of GO datasets for each 6 distinct cell types
within iCCA and HCC samples

ID Description Differen-
tiate cell
types

GO:0072562 blood microparticle Epi

GO:0045296  cadherin binding Epi

GO:0005911 cell-cell junction Epi

GO:0031589  cell-substrate adhesion Fib

GO:0030055 cell-substrate junction B, Endo,
Epi, Fib

GO:0051087  chaperone binding NKT

GO:0062023  collagen-containing extracellular matrix Endo, Fib

GO:0002181 cytoplasmic translation B, Fib

GO:0022625  cytosolic large ribosomal subunit B, Fib

GO:0022626 cytosolic ribosome B, Epi, Fib,
Mye

GO:0022627  cytosolic small ribosomal subunit B

GO:0030139  endocytic vesicle Mye

GO:0030666  endocytic vesicle membrane Mye

GO:0005788  endoplasmic reticulum lumen Fib

GO:0043542  endothelial cell migration Endo

GO:0045229  external encapsulating structure Fib

organization

GO:0005201 extracellular matrix structural constituent  Fib

GO:0031072  heat shock protein binding NKT

GO:0007599  hemostasis Endo

GO:0005178 integrin binding Endo

GO:0007159  leukocyte cell-cell adhesion Mye

GO:0002443  leukocyte mediated immunity NKT

GO:0050900  leukocyte migration Mye

GO:0051346  negative regulation of hydrolase activity Epi

G0:0002683 negative regulation of immune system NKT

process

GO:0050867  positive regulation of cell activation B

GO:0001819  positive regulation of cytokine production  Mye, NKT

GO:0032103  positive regulation of response to external ~ Mye

stimulus

GO:0050878  regulation of body fluid levels Endo

GO:0022407  regulation of cell-cell adhesion Mye, NKT

G0O:0052547  regulation of peptidase activity Epi

GO:0050863  regulation of T cell activation NKT

GO:0044391 ribosomal subunit B

GO:0005840  ribosome B

GO:0003735  structural constituent of ribosome B

GO:0042110 T cell activation Mey

GO:0051082  unfolded protein binding NKT

GO:0031983 vesicle lumen Endo, Epi,
Mye, NKT

GO:0042060  wound healing Endo

Abbreviations B, B cells; Epi, epithelial cells and hepatocytes; Endo, endothelial
cells; Fib, fibrocytes; Mye, myeloid cells; NKT, NK cells and T cells
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vary in size. Such non-Euclidean data is inappropriate
for traditional ANNSs such as Convolutional Neural Net-
works (CNNs) and Recurrent Neural Networks (RNNs),
which require fixed-size inputs and Euclidean spatio-
temporal patterns [39]. GNNs, however, can handle
graphs of various sizes and structures, making them ideal
for processing graph structure converted from scRNA
data [40]. Therefore, our implementation of GNN draw
more effective diagnosis from scRNA data, compared
with traditional scRNA analytical pipeline.

Our findings also highlight the diagnostic value of
inter-cellular communication in liver tumor microenvi-
ronment, which is hard to explore using other diagnos-
tic methods. There exist wide communications resulting
direct, dual effects of various tissue and immune cells on
tumor cells within the tumor microenvironment. Such as
CD4+cytotoxic T cells can directly induce apoptosis in
tumor cells through the release of IFN-y [41]. Conversely,
it also shows how tumor cells can impair the cytotoxicity
of CD8+cytotoxic T cells by secreting factors like lactic
acid and TGF-P [36]. Complex communication networks
govern tumor progression and therapeutic responses in
the liver tumor microenvironment, which also reflect
the essential property of the tumor [25]. Notably, the
direction of message propagation is another decisive
factor accounting for our model’s efficacy. In traditional
graph neural network tasks using datasets like Cora-ML,
PubMed, CiteSeer, and DBLP, prediction accuracies typi-
cally show minor differences regardless of message prop-
agation direction. DGCN and classic undirected graph
convolutional networks (UGCNs) demonstrated stable
accuracies, with less than a 5% decrease when message
direction was ignored [42]. Our biologically-inspired
GF models exhibited a striking contrast. They lost effec-
tiveness when intentionally reversing message propa-
gation from ligand-to-receptor to receptor-to-ligand
(TGEF), or when substituting DGCN with an undirected
GCN (UGEF). This striking phenomenon underscores
the critical importance of tracing upstream intercellular
communication within tumor microenvironment. Our
observations suggest that propagating scRNA-seq data
within graph structures of the ligand-receptor direction,
which mimic intercellular signal cascade pathways in
vivo [43, 44], led to integration and amplification of diag-
nostic information encapsulated within discrete features
of tumor microenvironments. Therefore, such biolog-
ically-inspired design not only enhances the interpret-
ability and effectiveness of diagnostic predictions but also
underscores the significance of considering biological
context in computational diagnostic frameworks based
on scRNA-seq data.

Our framework represents a paradigm shift in the field
of molecular pathology diagnostics. Instead of relying on
a few tumor indices or signatures as most of the previous
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molecular diagnostic models do, our framework pictures
the microenvironment as an integrated system. This
approach allows our framework to exhibit robust perfor-
mance even on scRNA data from immunocytes only. Pre-
vious studies have reported phenotypes of immunocytes
varied in different tumor types, such as distinct “inter-
mediate” exhausted CD8+T cells and “nonclassic” plas-
macytes in extrahepatic cholangiocarcinoma [45], and
higher proportions of regulatory T cells with resting den-
dritic cells in HCC tissues [46]. Phenotypes and inflam-
matory mediators within the tumor microenvironment
also altered when adenomatous stage progressing into
the cancerous stage in colorectal tumors [47]. Our find-
ings further suggest the state of immunocytes carries key
information indicating the property of tumor. Consider-
ing that immune cells possess the ability to migrate to tis-
sues surrounding tumor, future work needs to extend the
idea of a “comprehensive and systemic understanding”
into similar diagnostic models based on immunocytes
from alternative tissue samples. These include biopsies
that collect necrotic tumor tissue infiltrated by immuno-
cytes, and paratumoral tissue samples in cases where the
targeted tissues are too small or located in hard-to-reach
anatomical positions (i.e. adjacent to large blood vessels
or the pericardium). Additionally, we may implement
our diagnostic framework in tumor liquid biopsies from
immunocytes collected in peripheral blood samples [48].
These immunocytes could also carry information from
the tumor microenvironment, aiding in diagnosis.

Powered by more training samples in the future, dis-
tilling more systemic and integrative microenvironment
features is promising when more biological-plausible
features, such as detailed inter-cellular ligand-receptor-
specific messages, fed into GF framework. Furthermore,
integrating our ANN-based framework into multimodal
networks is relatively straightforward. By combining
features distilled from scRNA-seq data with informa-
tion from radiology, serum markers, and pathology data,
a more systemic and reliable diagnosis can be achieved.
However, further validation, such as sensitivity testing on
large-scale population datasets, is needed to ensure the
practicality of these diagnostic methods.

While the scRNA-seq-based diagnostic framework
presented in this study shows promising results, it is
important to acknowledge its potential limitations com-
pared to standard pathological approaches. Currently,
scRNA-seq technology is more expensive and requires
more infrastructure than traditional histopathological
examination and immunohistochemistry. Additionally,
the turnaround time from sample collection to final diag-
nosis may be longer for the scRNA-seq-based approach.
The relatively small training dataset in this pilot study
could also limit the model’s ability to fully capture the
complex tumor microenvironment. These practical
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constraints may restrict the widespread clinical adop-
tion of the scRNA-seq-based diagnostic method, espe-
cially compared to the standard pathological evaluations
by experienced clinicians, which remain the primary
method for diagnosing primary liver tumors in most clin-
ical settings. Future research is needed to optimize the
scRNA-seq-based approach (such as developing more
straightforward statistical approaches) and clearly dem-
onstrate its advantages over existing methods before it
can be widely implemented in routine clinical practice.

Methods

Patient sample collection

The Ethics Committee of Zhongshan Hospital, Fudan
University granted the study’s ethical approval (B2022-
480R), and written informed consent was obtained from
each patient. We selected 25 patients with primary liver
tumors who underwent surgical resection or percutane-
ous liver biopsy at Zhongshan Hospital between March
2021 and October 2022. Tumor tissues were collected
and processed within 90 min after surgery. 7 cases of
HCC, 11 cases of iCCA, and 7 cases of FNH were iden-
tified by well-experienced pathologists in Zhongshan
Hospital. The first two were malignant tumors, while the
latter was benign. This was a non-interventional study, so
blinding and randomization principles were not imple-
mented. Detailed clinical information of all patients is
available in Table S5.

Single-cell process of samples

For the quality check and counting of single cell suspen-
sion, the cell survival rate is generally above 85%. The cells
that have passed the test are washed and resuspended to
prepare a suitable cell concentration of 700~ 1200 cells/
ul for 10x Genomics Chromium™. The system is operated
on the machine. GEMs (Gel Bead in Emulsion) were con-
structed for single cell separation according to the num-
ber of cells to be harvested. After GEMs were normally
formed, GEMs were collected for reverse transcription in
a polymerase chain reaction (PCR) machine for labelling.
The GEMs were oil-treated, and the amplified cDNA was
purified by magnetic beads, and then subjected to cDNA
amplification and quality inspection. The 3" Gene Expres-
sion Library was constructed with the quality-qualified
cDNA. After fragmentation, adaptor ligation, sample
index PCR, etc., the library is finally quantitatively exam-
ined. The final library pool was sequenced on the Illu-
mina Novaseq 6000 instrument using 150-base-pair
paired-end reads.

scRNA-seq data pre-processing

R 4.2.1 was used for the whole down-streaming scRNA-
seq analysis. We assessed cell quality using the following
criteria: (1) the number of total count per cell (library
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size) was below 50,000; (2) the number of detected genes
was above 300 and below 7,500; (3) the percentage of
mitochondrial genes was below 10; (4) the percentage of
hemoglobin genes was below 0.1. After quality control, a
total of 242,598 cells were retained for downstream anal-
ysis. Detailed preprocessing results is available in Fig. S1
& Table S6.

We merged the expression matrices of each sample and
performed data integration using the harmony package
(version 0.1.1). Plotting of the integrated data revealed
good mixing of immune and stromal cells between dif-
ferent samples, therefore, significant batch effects were
excluded. To expand our input data and improve the
model’s training, we resampled each sample, randomly
selecting 5,000 cells from each sample and using them to
construct a new Seurat object. This process was repeated
ten times, resulting in 250 new samples.

Public data collection

To further validate the generality of our model, some
public scRNA-seq datasets of primary liver malignant
tumor from GEO database were used for test set. Raw
data of GSE162616, GSE166635, GSE189175, GSE125449
and GSE138709, were downloaded and integrated for
further process.

Cell unsupervised clustering

To extract useful information from single-cell data for
model construction, each sample’s single-cell data was
performed dimensionality reduction and clustering anal-
ysis using the Seurat package (version 4.3.0). After scaling
the sample data, we used the FindVariableFeatures func-
tion to select 2,000 highly variable genes, and then used
the RunPCA function to calculate the top 50 principal
components (PCs) of the data. We then selected the first
20 PCs and performed unsupervised clustering on the
cells using the FindNeighbors and FindClusters functions
(default resolution=0.5, and we also set resolution to 0.3
and 0.7 for sensitivity test). UMAP was used for dimen-
sionality reduction of the sample data.

Cell annotation

Cell annotation was conducted as part of our analysis to
categorize cells into 6 major cell types. While this step
was not explicitly integrated into the GF framework, it
is a widely accepted method for characterizing the liver
tumor microenvironment which we used to identify dif-
ferentially expressed genes associated with each anno-
tated major cell type and elucidated representative genes
and pathways.

The 6 major cell types were annotated in the liver
tumor microenvironment using known cell mark-
ers reported in previous articles [28-35]. NK&T cells
were identified by the presence of CD3D, CD3E, CD3G,
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KLRD1, GNLY, and NKG7. B&Plasma cells were identi-
fied by the presence of MS4A1, CD79A, CD19, MZBI1,
and CD38. Myeloid cells were identified by the presence
of CD14, FCGR3A, LYZ, and S100A8. Endothelial cells
were identified by the presence of PECAM1, CDH5, and
TM4SF1. Fibroblasts were identified by the presence of
EN1, COL1Al, and DCN. Epithelial&hepatocyte were
identified by the presence of KRT18, KRT19, EPCAM,
APOC3, TTR, and ALB. NK&T cells, B&Plasma cells,
and Myeloid cells were defined as immune cells, while
other cells were non-immune cells. (Fig. S2)

Control diagnostic framework based on traditional scRNA
analysis pipeline

After unsupervised clustering and cell annotation, we
utilized the FindMarkers function to obtain top 10 dif-
ferentially expressed genes in tumor cell (epithelial&
hepatocyte type mentioned above) of benign and malig-
nant tumor samples. Detailed names of gene were shown
in Supplementary Material 5, which were selected based
on the absolute value of avg log2FC. Subsequently,
we extract the average expression of these 10 genes in
epithelial&hepatocyte cell types of every sample and feed
them into a 2-layer MLP. MLP was trained and validated
in exactly the same methods shown in Training, internal
and external validating details in Methods section, ensur-
ing strict control.

Features and pathways selecting

In order to investigate the biological functional differ-
ences between different cell types in benign and malig-
nant tumors, we identify differentially expressed genes
associated with each annotated major cell type and elu-
cidated representative pathways. We utilized the Find-
Markers function to obtain differentially expressed genes
in 6 distinct cell populations mentioned above of benign
and malignant tumor samples. Subsequently, we per-
formed pathway analysis on these differentially expressed
genes and selected top k (ke{4,6,8,10,12,14} for our sen-
sitivity analysis) statistical-significant (with smallest p
value) pathways for each major cell type in GO datasets
as representative pathways of tumor-microenvironment
[22]. After discarding duplicated pathways and excluded
those pathways not available in GSVA pathway enrich-
ment package, we acquire the selected pathways we used
to generate pathway enrichment scores (PES) matrix of
each sample. For later analysis, we fixed k=14 according
to the accuraccy in sensitivity test, finally obtaining 40
representitive pathways (K=40). We also conducted the
same analysis between HCC and iCCA samples. We fixed
k=12 and eventually obtained 39 representative path-
ways (K=39). Detailed information about these pathways
(including selecting result in each step) can be found in
Supplementary Material 2 & 4.
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Calculation of pathway enrichment score (PES) matrix

To obtain the feature matrix for each sample in our GNN
model, we performed pathway enrichment analysis using
the GSVA package (version 1.46.0). We downloaded
the C5 human gene set (GO gene set) from the msigdbr
package (version 7.5.1) and used the GSVA function to
calculate GSVA pathway enrichment scores for func-
tional pathways of each cell cluster in each sample. We
then pick the enrichment score of our previously selected
pathways to generate PES matrix for each sample. Each
colum of PES matrix represents the PES of one cell clus-
ter, which will be used as the node feature of layer 0 (hio)
of input graph data.

Calculation of cluster communication weight

To investigate the intercellular communication among
different cell populations in single-cell samples, we per-
formed cell communication analysis using the CellChat
package (version 1.6.1). We imported the Secreted Sig-
naling dataset from CellPhoneDB.Human to analyze the
interactions of receptor-ligand pairs between cell popu-
lations. We identified ligands or receptors overexpressed
in a cell group during data preprocessing, and projected
the gene expression data onto a protein-protein interac-
tion (PPI) network. We identified interactions between
overexpressed ligands and receptors, and calculated the
intercellular communication probability between cell
populations using the computeCommunProb function.
The communication probability helped infer the bio-
logical significance of cell-cell communication strength.
Finally, we calculated the average strength of all recep-
tor-ligand interactions between different cell clusters
(strength of ligands on cluster i and receptors on cluster j
denotes as e;) and constructed a cluster communication
weight for each sample.

Model architecture

The input cluster communication weight and cluster fea-
ture matrix were analysed by PyTorch (version 1.13.1)
and PyG (version 2.2.0).

The GF model was built up with two parts. First is the
L layers of DGCN with initial node features set as cluster
feature matrix for each cell clusters and edge weights set
as cluster communication weight.

Before feeding into the network, cluster communica-
tion weight was normalized by dividing the mean edge
weight of the total cluster communication weight matrix,
while the node features were normed within each feature
vector of a node via calculating z-scores.

The following calculation show the detailed message-
propagation process from other nodes (N) to nodes i in
layer [ of the DGCN:
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We also use a latent master node (node 0, ,° padded
with zeros), which is connected to every input node in
the graph with the edge weight set as mean edge weight
of the total inter-cluster communication features. The
feature vector of master node (hol) serves as a global
scratch space that each node writes to but not read
from (e;p = 1, €g;(.9)=0). This allows information to col-
lect from long distances during the propagation phase.
And final output was projected from the feature vector
of master node only (i,"), through a single layer of fully
connect layer.

In each layer of DGCN, size of the hidden layer
matches exactly with number of pathways selected (input
dimension), and all the layers share one set of trainable
parameters (W; and W,). For GF models distinguish-
ing benign and malignant tumors, 40 pathways were
selected, resulting in 3241 trainable parameters in total.
For GF models distinguishing iCCA and HCC, 39 path-
ways were selected resulting in 3082 trainable parameters
in total. These light-weighted structures enabled the iter-
ation of GF models on limited scRNA-seq data, prevent-
ing immediate overfitting.

Data augmentation

For better performance, we randomly discard one node
in each sample to generate a new graph and added to our
training set, as the simplest augmentation strategy for
graph data.

Since different categories had different ratio of posi-
tive and negative samples, such data augmentation was
repeated for different times respectively to eliminate
the unfavorable effect caused by unbalanced training
data. (i.e. if testing set consists of benign samples from
one of the patients, each benign sample in training set
repeated data augmentation for 17 times while each
malignant sample repeated for 5 times). After data aug-
mentation, GF models distinguishing benign and malig-
nant tumors was trained on approximately 1080 to 1190
samples, while GF models distinguishing iCCA and HCC
was trained on approximately 660 to 770 samples. Data
augmentation fulfilled the potential of scRNA-seq data,
which satisfied the criterion for successful iterations of
these ANN models.

Data augmentation were only performed on samples
of cases used for training. Any possible leakage of infor-
mation in both resampling stage and data augmentation
stage was strictly prohibited in both internal and external
validation process, by limiting all the data acquired from
one case is limited to a fold in each cross-validation.
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Training, internal and external validating details

For internal validation, GF adopted leave-one-out-cross-
validation (LOOCYV) test in our own datasets. 5 samples
(or data of different dimensional reduction resolution,
polluted PES and CNT data derived from these 5 sam-
ples) from each case will be separated and considered as
the test set, while the full/immunocytes scRNA-seq data
of 5%(n-1) samples resampled from the rest n-1 cases are
considered as the training set. At the level of the cases,
train and test sets were completely separated to avoid any
possible information leakage.

During training, BCEWithLogitsLoss for binary clas-
sification was calculated for back propagation. We use
Adam optimizer with an initial learning rate of 0.001 and
a batch size of 4. Total epoch number was 100 and the
learning rate was adjusted in each epoch following cosine
annealing.

After 100 epochs, testing was performed. The output
probability was calculated through sigmoid function. The
predicted category was defined as probability exceeding
0.5. All the predicted label and probability were docu-
mented for future analysis. Considering class imbalances
in training samples, both ACC and F1 were used as met-
rics of assessment in each LOOCV test. Each LOOCV
test was performed 10 times and area under curve (AUC)
was calculated from total results, in order to further
assess the performance and reliability of GF models.

As for external validation, models are trained on our
own datasets containing all the cases, while the indepen-
dent public datasets were used as test sets. Each test also
performed 10 times. Other traning details were set iden-
tical to internal validation.
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