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Abstract
Background  Dog hepatocellular carcinoma (HCC) is the most common primary liver tumor in dogs, though it 
remains relatively rare overall. In humans HCC is frequently resistant to chemotherapy and radiation and often shows 
insufficient response to immunotherapy. Its occurrence in dogs, unlike humans, is not typically associated with 
viral infections, cirrhosis, or alcohol consumption. These distinctions offer a unique comparative perspective on the 
intrinsic genetic drivers of the disease.

Methods  Using whole exome sequencing (WES) and single nucleus RNA sequencing (snRNA-seq) in tandem, we 
perform a multi-omic analysis of the dog HCC tumor.

Results  Mutational analysis of impactful polymorphisms revealed a conserved cross-species landscape with genes 
such as CTNNB1, known for highly recurrent mutations in human HCC, showing similar alterations in dogs. In dog 
HCC tumors, we identified the major cell types commonly observed in human HCC, including T cells, endothelial, 
macrophage, fibroblast, hepatocyte, and malignant characterizations. The inferred cellular communication observed 
across human and dog HCC cell types revealed parallels, particularly in macrophage functionality.

Conclusions  These findings underscore the need for expanded genetic studies of dog HCC to further elucidate 
cross-species commonalities, offering deeper insights into key aspects of HCC biology and identifying novel 
therapeutic targets.
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microenvironment

Comparative multi-omics evaluation of the 
tumor microenvironment in dog and human 
hepatocellular carcinoma
Yulia I. Nussbaum1, Jeffrey N. Bryan2, Guangfu Li11, Alana Rodney3, William T. N. Culp4, Peter J. Dickinson4, 
Anna Koutoulas5, Kate Megquier5, Hong An6, Skyler T. Kramer1,6, Edward S. Ricemeyer7,8, Jonathan B. Mitchem9 and 
Wesley C. Warren1,7,10*

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s44356-025-00037-0
http://crossmark.crossref.org/dialog/?doi=10.1186/s44356-025-00037-0&domain=pdf&date_stamp=2025-10-8


Page 2 of 13Nussbaum et al. Veterinary Oncology            (2025) 2:25 

Introduction
Human HCC is the most common primary liver cancer 
and remains a major global health challenge, accounting 
for approximately 90% of liver cancer cases. Its incidence 
is projected to surpass 1 million cases annually by 2025 
[1, 2]. Despite advances in systemic therapies, the over-
all prognosis for HCC remains poor largely due to its late 
presentation, complex tumor microenvironment (TME), 
and a high degree of treatment resistance [3]. However, 
significant advances in the use of immune checkpoint 
inhibitors are transforming treatment paradigms. Nota-
bly, the combination of atezolizumab and bevacizumab 
has shown improved overall survival compared to 
sorafenib, while other combinations like durvalumab and 
tremelimumab and atezolizumab plus cabozantinib have 
also demonstrated efficacy [4, 5]. But patients still fail to 
respond to these therapies, and the molecular mecha-
nisms governing immune resistance and evasion remain 
incompletely understood [6, 7]. Further research is 
needed to deepen our understanding of HCC biology and 
guide the development of effective immunotherapies.

One promising avenue to break this treatment impasse 
is through the study of the only spontaneous animal that 
gets HCC, dogs [8, 9]. Unlike murine models, which 
are induced and often fail to replicate the complex-
ity of human disease, dog cancers arise spontaneously, 
maintaining intact immune systems and recapitulating 
tumor-immune interactions within a naturally evolving 
TME [10, 11]. Over the past decade, significant advances 
in cancer research have shown that dog cancers closely 
resemble human cancers in prevalence, tumor growth 
patterns, morphology, and genetic foundations [12–17]. 
This parallel has renewed interest in applying best-prac-
tice human therapeutics to dog patients, particularly in 
the realm of immunotherapy. Precision oncology initia-
tives underscore the importance of tailoring treatment 
strategies to an individual’s complex molecular and 
immune TME to achieve lasting tumor suppression [18]. 
Across nearly all cancer types, large-scale analyses of 
somatic mutations and cell-type composition within the 
TME have deepened our understanding of their coopera-
tive roles in tumor progression [19, 20].

HCC is the most common primary liver tumor in dogs, 
similar to humans. Although massive HCC in dogs tends 
to be slow-growing and less metastatic, it shares key 
histological and molecular features with human HCC, 
including frequent mutations in TP53, CTNNB1, and 
ARID1A, and altered Wnt/β-catenin and DNA repair 
pathways [2, 21, 22]. While surgical resection is the pri-
mary treatment for dog HCC, there is a need to improve 
systemic options such as chemotherapy and explore 
immunotherapy, which is currently limited. Better under-
standing the molecular similarities between dog and 

human HCC could accelerate the development of novel 
treatments for both species.

Single-cell RNA sequencing (scRNA-seq) has emerged 
as a powerful tool to dissect cellular composition of 
tumors and, importantly, to identify which cell types 
represent high-value therapeutic targets [23, 24]. Its 
repeated use has provided insights into cellular subtypes, 
immune evasion mechanisms, and potential biomarkers 
predictive of prognosis or treatment response. Recent 
studies underscore the ability to stratify therapies for var-
ious cancer types. For example, scRNA-seq data analysis 
has uncovered distinct populations of neutrophils that 
present novel opportunities for HCC immunotherapy 
[25]. Thus far, the observed cellular landscape of human 
HCC emphasizes the importance of malignant cells in 
shaping the TME and identifying non-malignant cellular 
subtypes that can predict HCC prognosis [26]. Distinct 
functional compositions and varying molecular signa-
tures have been identified across T cell subtypes [27], 
revealing a unique immune ecosystem in early-relapse 
HCC, characterized by decreased regulatory T cells, and 
increased dendritic and CD8 + T cells [28]. Furthermore, 
several studies have identified prognostic cell type com-
positional shifts in HCC tumors including a tumor-asso-
ciated proliferative cell type enriched in expression of 
cell cycle and mitosis genes, subsets of cancer-associated 
fibroblasts (CAFs), and M2-like tumor-associated macro-
phages (TAMs) [29–31].

These collective findings of the TME have also added 
new testable hypotheses regarding the mechanisms of 
immunotherapy resistance in HCC. Inhibition of apo-
lipoprotein C1, which is overexpressed in TAMs, pro-
moted transformation of M2 macrophages to M1 type, 
thereby improving anti-PD1 therapy [32]. Similarly, the 
targeting of PPAR-gamma has been shown to counteract 
tumor adaptation to immune-checkpoint blockade [33]. 
One study identified new subtypes of HCC tumor cells 
and neutrophils with potential implications for immuno-
therapy research while also inferring a complex intercel-
lular communication was at work in the tumor [25].

To our knowledge, no studies to date have used dog 
HCC-specific multi-omic datasets, such as somatic 
mutation profiles and single-cell or single-nucleus tran-
scriptomes of the TME. Such efforts could facilitate the 
repurposing of human treatment strategies for canine 
patients and advance the study of spontaneous dog can-
cers with variable outcomes. This includes enabling 
clinical trials of immunotherapies and identifying novel 
biomarkers predictive of treatment response [16, 17, 
34]. To begin addressing this gap, we collected and ana-
lyzed two data types, WES and snRNA-seq, from a small 
cohort of dog HCC cases and compared findings with 
analogous human HCC data. Our analysis reveals shared 
driver mutations and TME features between species, 
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providing foundational insights and establishing a frame-
work for future cross-species studies. Although pre-
liminary, these findings lay important groundwork for 
advancing comparative oncology and guiding therapeutic 
development in both human and veterinary medicine.

Methods
Study animals
All dog tumor samples were classified as HCC based on 
previously accepted histopathological diagnosis criteria 
[35]. All tumor and normal blood samples were obtained 
under studies approved by the University of California, 
Davis or University of Missouri Institutional Animal 
Care and Use Committees. We complied with all relevant 
ethical regulations for animal use and all dog owners pro-
vided informed consent prior to sample collection. WES 
was performed on HCC tumors and matched blood from 
ten dogs (Suppl. Table 1) from which two were chosen for 
snRNA-seq data generation based on the availability of 
flash frozen HCC biopsies (Suppl. Table 1).

WES library construction
For all tumor samples we isolated total DNA using the 
DNA easy kit (Qiagen) from the liver tumor tissue and 
the matching blood samples. A total of 2ug DNA served 
as the input for acoustic DNA fragmentation using a 
Covaris focused-ultrasonicator, targeting 150  bp frag-
ments. Library preparation was performed using a com-
mercially available kit provided by KAPA Biosystems 
(KAPA HyperPrep Kit with Library Amplification prod-
uct KK8504) and IDT’s duplex UMI adapters. Unique 
8-base dual index sequences embedded within the p5 
and p7 primers (IDT) were added during PCR. Enzy-
matic clean-ups were performed using Beckman Coultier 
AMPure XP beads with elution volumes reduced to 30µL 
to maximize library concentration. Final library quanti-
fication was performed using the Invitrogen Quant-It 
broad range dsDNA quantification assay kit (Thermo Sci-
entific Catalog: Q33130) with a 1:200 PicoGreen dilution. 
Following quantification, each library was normalized to 
a concentration of 35 ng/µL, using Tris-HCl, 10mM, pH 
8.0.

In-solution hybrid selection for exome or custom panels
After library construction, hybridization and capture 
were performed using IDT’s XGen hybridization and 
wash kit and following the manufacturer’s suggested pro-
tocol, with minor exceptions. Briefly, a set of 12-plex pre-
hybridization pools was created by equal volume pooling 
of the normalized libraries, human Cot-1, and IDT XGen 
blocking oligos. The pre-hybridization pools underwent 
lyophilization using the Biotage SPE-DRY. Post lyophi-
lization, Twist Alliance Canine Exome baits (Twist Bio-
sciences, San Francisco, CA) along with hybridization 

master mix were added to the lyophilized pool prior to 
resuspension and samples were incubated overnight. 
Library normalization and hybridization setup were per-
formed on a Hamilton Starlet liquid handling platform, 
while target capture was performed on the Agilent Bravo 
automated platform. Post capture, PCR was performed 
to amplify the captured material. After post-capture 
enrichment, library pools were quantified using qPCR 
(automated assay on the Agilent Bravo), using a kit pur-
chased from KAPA Biosystems with probes specific to 
the ends of the adapters. Based on qPCR quantification, 
pools were normalized to 2nM prior to sequencing using 
a Hamilton Starlet.

Cluster amplification and sequencing
Cluster amplification of library pools was performed 
according to the manufacturer’s protocol (Illumina) using 
Exclusion Amplification cluster chemistry and HiSeq X 
flowcells. Flowcells were sequenced using v2 Sequenc-
ing-by-Synthesis chemistry for HiSeq X flowcells. The 
flowcells were then analyzed using RTA v.2.7.3 or later. 
Each pool of libraries had paired 151  bp runs and was 
sequenced across the number of lanes needed to meet 
coverage for all libraries in the pool.

WES and variant analysis
Exome sequences from each tumor and matched nor-
mal samples were aligned to the UU_Cfam_GSD_1.0 
dog genome [36]. Our variant data analysis pipeline 
used hisat2 (version 2.2.1) for initial alignment, and then 
GATK MarkDuplicates was applied to flag the reads 
that came from PCR duplication [37, 38]. All the normal 
samples were run with Mutect2 in tumor-only mode and 
used to construct the somatic panel of normals with the 
GATK CreateSomaticPanelOfNormals function. Single 
nucleotide variants (SNVs) and insertions/deletions 
(indels) calling was performed using GATK Mutect2 
best practices (version 4.3.0.0) [38]. The tumor samples 
were run with their matched normal samples while using 
the panel of normals to aid in variant filtration. Variants 
were filtered with GATK FilterMutectCalls using default 
parameters and further filtered to retain calls with gen-
otype missing rates < 0.01 and minor allele frequency 
(MAF) > 0.01. Finally, the functional effects of SNVs and 
INDELs were annotated using the Variant Effect Predic-
tor (VEP) v109 based on the UU_Cfam_GSD_1.0_ROSY 
genome and its corresponding genome annotation file 
[39].

The tumor mutation burden (TMB)
The TMB per each sample was estimated as the ratio 
of nonsynonymous mutations to the total size of the 
sequenced exome (45 Mb in this study), as described pre-
viously [40].
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Human WES and TMB data
Human HCC mutation data were retrieved from the 
COSMIC database (v97, ​h​t​t​p​​s​:​/​​/​c​a​n​​c​e​​r​.​s​​a​n​g​​e​r​.​a​​c​.​​u​k​/​c​
o​s​m​i​c) [41]. We filtered the data to include only coding 
mutations from confirmed HCC samples (tissue type: 
liver, histology: hepatocellular carcinoma). Only muta-
tions labeled as somatic and validated by whole-exome or 
genome sequencing were retained. TMB values used for 
comparative analysis were obtained from previously pub-
lished studies [42–45].

snRNA-seq sample processing and nuclei extraction
Snap-frozen tumor tissues were minced on ice and 
homogenized using a dounce homogenizer in cold Nuclei 
PURE Lysis Buffer (Millipore-Sigma) containing 0.1% 
Triton X-100 and 0.2 U/µL RNase inhibitor (Promega). 
Homogenate was transferred through 70 μm cell strainer 
and homogenized again a few strokes and passed through 
a 40 μm cell strainer. Filtrate was centrifuged at 500 g for 
5  min at 40  C and the pellet was re-suspended in PBS 
with 0.4% UltraPure BSA (ThermoFisher Scientific) and 
0.2 U/µL Protector RNase inhibitor (MilliporeSigma). 
This step was repeated, and the final resuspended nuclei 
were counted after staining with Propidium iodide using 
a Countess II instrument (ThermoFisher Scientific).

Library preparation and sequencing
Single-nuclei 3’ RNA-seq library preparation and 
sequencing were conducted at the University of Mis-
souri DNA Core Facility. Nuclei were counted and loaded 
onto the 10x Genomics Chromium System, targeting 
5,000 nuclei per sample. After lipid droplet encapsula-
tion, cDNA synthesis, and library preparation were per-
formed following the manufacturer’s protocol using the 
Chromium Next GEM Single Cell 3’ v3.1 Kit. Sequencing 
was carried out on an Illumina NovaSeq 6000 instrument 
(University of Missouri Genomics Technology Core), 
with a target depth of 40,000 reads per nucleus.

snRNAseq data processing
Cellranger mkfastq was used for demultiplexing of raw 
sequencing files. Each sample was separately aligned to 
the CanFam3.1 reference genome using cellranger count, 
and all further analyses were performed using the Seurat 
V4.2.0 package [46, 47]. Quality control included filter-
ing out dead or poor-quality nuclei according to the per-
centage of mitochondrial genes. The percentage of reads 
mapped to mitochondrial chromosomes per cell (“per-
cent.MT”) was calculated using PercentageFeatureSet() to 
count all reads mapped to features with the prefix “MT-“. 
Each object was filtered to only retain nuclei which met 
the following criteria: >12,000 unique molecular identi-
fier (UMI) counts; a range of 500 to 5,000 detected genes; 
< 1% of mitochondrial or ribosomal gene expression in 

UMI counts. From the filtered nuclei, the gene expression 
matrices were normalized using SCTransform (Pearson 
residuals of regularized negative binomial regression) 
and integrated into one object using Seurat’s alignment 
workflow [48, 49]. The integrated object was then clus-
tered using an optimal resolution parameter of 0.3 that 
was selected via clustree R package [50]. Next, using non-
linear dimensionality reduction function RunUMAP we 
visualized the nuclei in two-dimensional UMAP plots.

Cell type identification
To identify the differentially expressed genes (DEGs) that 
uniquely characterize each cluster, we used the FindAll-
Markers function of the Seurat package with the Wil-
coxon Rank Sum test. Based on the individual cluster 
DEGs, cell type annotation was performed by manual 
curation with the use of lineage-specific canonical mark-
ers of known cell types in the human liver and dog leuko-
cytes (Suppl. Table 2) [14, 51, 52].

Comparison of human and dog snRNA-seq data sets
Two treatment-naive human HCC samples were 
obtained from the NCBI GEO database accession num-
ber GSE189175 [29]. To integrate the human and dog 
snRNA-seq data, we utilized the scVI Python package 
[53]. The latent embeddings output by scVI were then 
used for graph-based clustering and dimensionality 
reduction using UMAP in Seurat V4.

Cancer stemness gene set
Cancer stemness of each nuclei cluster was scored per 
nuclei by gene set variation analysis (GSVA) based on the 
cancer stemness signature from Miranda et al. [54].

Cell-to-cell interaction inference analysis
To analyze ligand-receptor interactions in dog samples 
we used CellPhoneDB with a ‘statistical_analysis’ param-
eterization [55]. Using a curated list of known human 
receptor-ligand pairs from CellPhoneDB, we calculated 
interaction scores—representing the strength and prob-
ability of interactions between cell pairs. This method 
identifies interactions where the mean expression of 
the interacting proteins is significantly specific to cell 
states, employing a random shuffling approach for sta-
tistical inference. The analysis was performed across all 
seven identified cell types in dog HCC. Interactions were 
ranked based on average expression values, and the top 
interactions were visualized using the ComplexHeatmap 
R package (version 2.20.0).

Results
Sample biobanking and processing
An overview of the experimental design is displayed 
in Fig.  1A. All resected liver tumors analyzed by a 

https://cancer.sanger.ac.uk/cosmic
https://cancer.sanger.ac.uk/cosmic
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board-certified veterinary pathologist at the respective 
Schools of Veterinary Medicine at University of Califor-
nia-Davis, CA or University of Missouri-Columbia, MO 
were determined to be HCC. In general, the tumors were 
expansile and locally infiltrative masses composed of 
large neoplastic hepatocytes in cellular sheets. Within the 

mass, there was often multifocal coalescing coagulative 
necrosis and hemorrhage (Suppl. Fig. 1). Additional clini-
cal information is available for each of the 10 dog samples 
used for exome sequencing or snRNAseq (Suppl. Table 
1).

Fig. 1  Study design for multi-omic evaluation of dog HCC. A Workflow of sample collection, WES, snRNA-seq, and the primary computational analyses 
performed. B The location and recurrence of CTNNB1 mutations in dog and human HCC samples. Each mutation is represented as a black bar with the 
labeled amino acid substitution and its relative protein position. The total number of mutated samples is in parentheses while the height of each bar 
reflects the number of samples with corresponding SNVs. The blue bar shows the CTNNB1 protein size with gaps denoted as three dots introduced to 
simplify visualization
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Exome sequencing
To discover the landscape of somatic missense or loss-
of-function protein-coding mutations in HCC we per-
formed WES on a total of 20 samples, 10 HCC tumor and 
their matched normal blood samples. The sequencing 
statistics show high-quality WES data across all samples 
(Suppl. Table 3). Overall, sequence quality was high with 
sequencing error rates averaging 0.35%. With a sequenc-
ing depth across all samples of 100x achieved we show 
93.7 to 95.2% of the reads were successfully mapped to 
the dog reference genome.

HCC somatic mutation discovery
A total of 1,895 non-synonymous SNVs with an aver-
age of 189 per sample were identified after filtering, of 
which 645 mutations with high, moderate, or low impact 
VEP scores remained. We then focused on the variants 
with the highest predicted impact, specifically those 
that truncate proteins through the acquisition of stop 
codons, splice site shifts, and frameshifts in translation. 
Most of the mutations were missense (74%), followed 
by splice region mutations (9%) and frameshift muta-
tions (5%). This WES evaluation of dog HCC shows ten 
putative driver genes of HCC which occurred in at least 
2 (20%) samples (Table 1). The most recurrent missense 
mutation was in the CTNNB1 gene in 5 (50%) samples. 
Notably, this gene is also frequently mutated in human 
HCC, present in 22% of cases [41]. We analyzed the loca-
tions of CTNNB1 mutations in dog and human genomes, 
revealing noteworthy similarities (Fig.  1B). Identical 
D32Y, G34V, and S37F amino acid substitutions were 
found in both species, appearing in 5, 1, and 1 dog, and 
in 40, 54, and 39 human samples, respectively. A search 
of the druggable genes database DGIdb 5.0 shows 66 total 
CTNNB1 interactions with 16 FDA approved therapies, 
suggesting possible treatment alternatives that could 
be considered after the appropriate validation [56]. The 
next highest number of affected genes was ARRDC3 

frameshift variants, which were found in three (33%) dog 
samples (Suppl. Fig. 2). However, no frameshift muta-
tions in ARRDC3 were observed in human HCC data.

Tumor mutation burden
TMB has been found in humans to be informative for 
immunotherapy response but its utility in profiling dog 
tumors is unknown [57, 58]. Since TMB thresholds for 
defining “high” levels vary by tumor type and are not uni-
versally standardized, thus complicating its clinical appli-
cation, we sought to first compare dog HCC TMB with 
human data. The median TMB in our cohort of dogs with 
HCC was 4.01 mutations/Mb (range:2.31–5.96 muta-
tions/Mb) which is similar to the estimated human HCC 
TMB median range of 2.56 to 5 mutations/Mb (Suppl. 
Fig. 3) [42–45].

Dog HCC cell type annotation
The processing of all sequenced nuclei, ambient signal 
filtering, and sample integration resulted in a total of 
23,877 nuclei with mean reads detected per nucleus of 
1,659. Upon clustering and manual annotation, seven 
major cell types were identified: fibroblasts, hepato-
cytes, macrophages, malignant cells, proliferating cells 
of myeloid origin, endothelial cells, and T cells (Fig. 2A, 
B). The distribution and intensity of expressed genes that 
define each cell type are illustrated (Fig.  2B). A UMAP 
visualization showing the distribution of cell types across 
individual samples is presented in Supplementary Fig. 4.

Malignant cells were identified through differential 
expression analysis, revealing genes such as CP, APOB, 
DST, and PTGR1, which have been previously reported as 
overexpressed in malignant cells in human HCC scRNA-
seq studies (Suppl. Fig. 5) [59, 60]. To provide additional 
evidence for the identification of malignant cells, we cal-
culated enrichment scores using a previously defined 
set of cancer stemness genes for each cell type (Fig. 2 C) 
[54]. A one-tailed t-test comparing the cancer stemness 
scores between malignant cells and hepatocytes revealed 
that malignant cells have significantly higher cancer 
stemness scores than hepatocytes (95% CI: 0.12 to ∞, 
p < 2.2 X 10-16). The high cancer stemness score in pro-
liferating myeloid cells likely results from their progeni-
tor-like properties, which share transcriptional programs 
with cancer stem cells. In both samples, normal hepato-
cytes made up most nuclei followed by endothelial and T 
cells (Fig. 2D). Proliferating myeloid cells and malignant 
cells demonstrated significantly higher S and G2M phase 
module scores when compared to other cell types (Suppl. 
Fig. 6).

We compared the molecular landscape of these dog 
HCC tumors to a snRNA-seq dataset from two human 
patients with non-viral HCC [29]. We manually anno-
tated the clusters from the snRNA-seq study of HCC 

Table 1  Dog genes with high-impact somatic mutations that 
have previously been identified in human HCC
Gene symbol % Mutation in 

dogs
Mutation type % Muta-

tion in 
human

CTNNB1 50 Missense 22
ARRDC3 33 Frameshift 0.2
CD93 20 Missense 1.2
CNOT1 20 Missense 3.5
DCTN1 20 Missense 1.1
HIC2 20 Frameshift 0.1
PLCL1 20 Missense 4.1
PYGM 20 Missense 0.9
RBBP4 20 Missense 1.0
SUSD4 20 Missense 2.2



Page 7 of 13Nussbaum et al. Veterinary Oncology            (2025) 2:25 

using the cell markers provided in the original paper. 
The human snRNA-seq dataset included 14,983 nuclei 
derived from two tumor samples, classified into five 
major cell types: endothelial cells, macrophages, hepa-
tocytes, fibroblasts, and T cells. Although these samples 
originated from tumors, Alvarez et al. did not annotate 
any epithelial cells as malignant. Here, we use “epithelial 
cells” as an umbrella term encompassing both hepato-
cytes, which are normal epithelial cells of the liver, and 
malignant cells. To enable comparison with our dog data, 
we contrasted epithelial cells from tumor samples with 
those from adjacent normal tissues and identified a clus-
ter exclusive to tumor samples, which we annotated as 
malignant cells.

To compare the TME compositions of dog and human 
HCC snRNA-seq data, we fully integrated the data sets of 
both species. Overall, we showed that non-epithelial cells 
from the two species integrated more effectively than epi-
thelial cells (Fig. 3A, B). T cells, macrophages, fibroblasts, 
and endothelial cells formed shared clusters correspond-
ing to their cell types, whereas hepatocytes remained 
largely species-specific. Dog malignant and proliferating 

cells did not integrate with human epithelial cells, indi-
cating strong species specificity (Fig. 3B).

To evaluate similarities in cell type gene expression 
signatures, we defined the size of the intersection of the 
sets divided by the size of their union, a Jaccard similar-
ity index (Suppl. Fig. 7). Human endothelial cells exhib-
ited high index values for both dog endothelial cells and 
fibroblasts, while human macrophages were most similar 
to dog macrophages and T cells. Discrepancies between 
species were observed in hepatocytes, malignant cells, 
and proliferating cells, which aligns with our findings 
from the integrated clustering (Fig. 3B).

Next, we used an approach that compares transcrip-
tional programs across species [61]. Specifically, we per-
formed differential gene expression analysis between 
pairs of cell types (e.g., macrophages vs. T cells) within 
each species and then compared the resulting transcrip-
tional signatures between species to identify conserved 
and species-specific genes. When comparing represen-
tative innate and adaptive lineages, macrophages and T 
cells, we observed an overlap in gene expression patterns 
with well-established macrophage gene markers such as 

Fig. 2  Dog HCC snRNA-seq data analysis. A UMAP visualization of integrated snRNA-seq data from two dogs with annotated cell types. B Dotplot of 
differentially expressed marker genes used for cell type annotation. C Enrichment of cancer stemness gene set in clusters. D Proportion of cell types in 
each dog sample
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MARCO and CD163 enriched in both species (Fig. 3C). 
The most highly conserved gene features in T cells 
included a cell surface marker CD96 along with some 
intracellular proteins such as SKAP1, SCML4, THE-
MIS, ITK, CAMK4, and FYN which are associated with 
various T cell functions (Fig. 3C). Interesting discrepan-
cies included the gene expression of BCL11B and TXK 
as defining features in dog T cells but nonsignificant in 
human T cells. Additionally, GNLY was highly expressed 
in human T cells but was not significantly expressed in 
dog samples. When comparing endothelial cells to fibro-
blasts, we observed that endothelial markers such as 
PTPRB, STAB2, STOX2, and F8 were conserved across 
species, whereas STAB1 was specific to dog samples. 
For fibroblasts, the shared markers included PTH1R, 
COL6A3, and COL1A2, whereas COL6A5 was exclusively 
expressed in dog fibroblasts (Fig.  3D). In summary, our 
analysis shows that human and dog HCC cell types share 
highly consistent gene signatures.

HCC cell-to-cell communication
Advantageous cellular crosstalk is vital to tumor survival, 
whether through the development of chemoresistance 
or the escape of immune surveillance [62]. We evaluated 
the inferred HCC cell-cell interactions within dog and 
human TMEs using CellPhoneDB [55]. Analysis revealed 
that the dog and human HCC had 222 and 227 ligand-
receptor pairs in total, respectively (Suppl. Fig. 8). In 
the seven major cell types (Fig. 2A) evaluated in the dog 
samples, we identified significant interactions (p < 0.05) 
across 36 signaling pathways. The number of interactions 
and the predicted interaction strength of incoming ver-
sus outgoing signals were used to infer the activity of cells 
within each species’ TME (Fig. 4). The top three cell types 
predicted to have the strongest interactions in dogs were 
fibroblasts, endothelial, and malignant cells. Similarly, in 
human HCC, 35 significant interactions were associated 
with independent signaling pathways, with malignant 
cells displaying the greatest number of interactions while 
fibroblasts, endothelial, and malignant cells exhibited the 

Fig. 3  A tumor microenvironment comparison between dog and human HCC. A UMAP visualization of cell types for integrated dog and human samples. 
B UMAP visualization of cell types separated for dog and human. In panels C and D, specific intercellular comparisons show significantly upregulated (red) 
and downregulated (blue) features in the top-right and bottom-left quadrants, respectively are depicted with sign log10 adjusted p-values. Conflicting 
features (pink) and species-specific features (black) are labeled. The red or blue numbers in the upper right or lower left quadrants at the ends of the axis 
lines represent how many features fell in that quadrant
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strongest incoming and outgoing interactions. Figure  4 
shows that human malignant cells (red bar on the right) 
were more involved in ligand receptor interactions with 
immune and stromal cells than dog malignant cells (red 
bar on the left). In humans, malignant cells participated 
in pathways such as ADGRE, ADGRL, Chemerin, CNTN, 
CypA, GAS, LIGHT, and NCAM, while in dogs, interac-
tions were more focused on fibroblasts. Pathways involv-
ing TECs, CAFs, and T cells, including HGF, ICAM, IGF, 
JAM, NOTCH, and THBS, were shared between both 
species. This supports our earlier finding that immune 
and stromal compartments are more conserved across 
species, while malignant cells differ.

Next, we analyzed ligand-receptor interactions within 
each pathway and compared them between species. Our 
goal was to identify both species-specific and shared 
interactions in the HCC TME, focusing on distinct 
and overlapping signaling pathways in each species. In 
dog tumors, we identified several pathways not seen in 
human data, including ADGRA, CADM, CSF, DESMO-
SOME, EGF, FGF, GALECTIN, MPZ, and PDGF. Within 
these, two interactions stood out as unique to dog HCC: 
IL34–CSF1R and LGALS9–P4HB (Fig.  5A). In con-
trast, human specific interactions included Chemerin–
CMKLR1 and two interactions involving GAS6 and TAM 
family receptors Tyro3, Axl, and MerTK (Fig.  5C). As 
shared interactions were mainly found between stromal 

or immune cells and malignant cells, we further exam-
ined these pathways. We identified several key shared 
interactions between malignant cells and fibroblasts, 
including IGF1–IGF1R, ANGPT1–TEK, JAG1–NOTCH2, 
THBS1/THBS2–CD36, and APP–SORL. Shared interac-
tions between macrophages and malignant cells, such as 
PTPRC–MRC1, THBS1–CD36, and APP–CD74, high-
lighted conserved cellular communication networks in 
both species (Fig. 5B, D). Together, these analyses reveal 
both conserved and species specific patterns of cell com-
munication in HCC. While shared interactions reflect 
fundamental features of TME organization in both spe-
cies, species-specific interactions may represent diver-
gent mechanisms of tumor progression or immune 
regulation that could become relevant for therapeutic 
discovery as more data and functional validation studies 
emerge.

Discussion
In this study, we conducted an integrative analysis of dog 
HCC by combining WES and snRNA sequencing to gain 
new comparative insights into the molecular and cel-
lular features of the TME. Analysis of WES data identi-
fied recurrent mutations in the CTNNB1 gene in five 
out of ten HCC samples. Notably, CTNNB1 is one of the 
most frequently mutated genes in human HCC, and its 
relevance in dogs is underscored by its role in encoding 

Fig. 4  Heatmaps of incoming and outgoing pathway signaling in dog and human snRNA-seq datasets. The color bar intensity (0 to 1 scale) represents 
the relative signaling strength of an expressed gene across cell types. The grey side bars indicate the sum of the signaling strength of each cell type or 
pathway
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-catenin, a central component of the Wnt beta β-catenin 
signaling pathway. This pathway plays a key role in liver 
cancer development, tumor progression, and immune 
evasion [63–65]. While our dog cohort is relatively small, 
the shared presence of CTNNB1 mutations suggests 

similar oncogenic mechanisms between dog and human 
HCC. However, -catenin has long been considered a dif-
ficult therapeutic target due to its lack of deep binding 
pockets and extensive domain overlap with other pro-
teins such as TCF and LEF transcription factors [66]. 

Fig. 5  Cell-cell interactions between malignant and immune cells. The x-axis indicates the cell types expressing ligands and receptors, while the y-
axis denotes the corresponding ligand–receptor pairs. Interaction scores, computed using CellPhoneDB, represent the mean expression levels of each 
ligand–receptor pair within the respective cell types. A Interactions derived from pathways identified as unique to dog samples. B Interactions from 
conserved pathways detected in dog snRNA-seq data. C Interactions derived from pathways identified as unique to human samples. D Interactions from 
conserved pathways detected in human snRNA-seq data
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Currently, CTNNB1-targeted therapies for liver cancer 
are not yet clinically established in humans, but several 
experimental strategies and investigational drugs are 
being developed to exploit this pathway. The outcome of 
these druggable gene trials could inform future treatment 
options for dog HCC should a larger study cohort con-
firm the importance of this pathway.

Our comparative analysis of the HCC tumor biology 
shows comparable transcriptional programs in immune 
and stromal cell types between humans and dogs, whose 
functional relevance remains unclear. This conservation 
likely reflects shared evolutionary pressures on immune 
surveillance and stromal maintenance, as these func-
tions are critical across mammalian species [14, 16]. 
However, malignant and epithelial cell populations dis-
played more pronounced species-specific differences, 
potentially driven by variation in tissue homeostasis, 
regenerative capacity, mutational landscapes, and tumor 
evolutionary trajectories between humans and dogs 
[8, 17]. Species-specific patterns of epithelial biology 
and oncogenic transformation likely contribute to the 
observed transcriptional differences, especially in highly 
heterogeneous tumors like HCC. Together, these results 
highlight both the promise and the challenges of cross-
species modeling: while conserved immune and stromal 
programs make dogs valuable translational models for 
studying tumor-immune interactions, species-specific 
differences in malignant and epithelial cells underscore 
the need for cautious interpretation when extrapolating 
findings to human cancers.

In both human and dog HCC, through inference 
we identified shared ligand-receptor interactions that 
reflect known drivers of tumor progression, such as 
IGF1-IGF1R, ANGPT1-TEK, JAG1-NOTCH, and Throm-
bospondin-1-CD36, all linked to cancer stemness, angio-
genesis, and immune evasion [67–74]. Species-specific 
interactions were also detected in dogs, including IL34-
CSF1R and LGALS9-P4HB, both associated with macro-
phage regulation and tumor-driven immunosuppression, 
suggesting potential therapeutic targets [75–78]. In 
human HCC, unique interactions such as Chemerin-
CMKLR1 and GAS6-MerTK/Axl were identified, both 
known to promote tumor progression [79–82]. The 
observed cellular crosstalk includes both conserved and 
species-specific ligand–receptor interactions in sponta-
neous HCC, offering new insights that can advance our 
understanding of human liver cancer.

While these comparisons offer important insights, 
it is worth noting certain technical limitations of single 
nuclei evaluations that can influence the interpretation 
of the cellular landscape. A common approach in human 
tumor scRNA-seq studies is to use inferred copy number 
variation (CNV) to help distinguish malignant from non-
malignant cells. However, in our dog snRNA-seq dataset, 

CNV inference was limited by lower resolution, high 
dropout rates, and the lack of a high-quality normal liver 
reference in dogs. These constraints likely contribute to 
the observed clustering proximity seen between malig-
nant and hepatocyte clusters in dog HCC, which limits 
the generalizability of some malignant cell biology.

Despite its preliminary nature, this study represents 
the first integrated analysis of potential genetic drivers 
in canine HCC, while also advancing our understanding 
of the TME and providing foundational insights into its 
molecular and cellular features. These findings lay the 
groundwork for future multiomic studies in larger canine 
cohorts and offer a valuable resource for comparative 
oncology. Our results support cross-species hypothesis 
generation that can inform the identification of therapeu-
tic targets to test in dogs and resistance mechanisms rele-
vant to both human and veterinary liver cancer research.
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