
Introduction: The process of liver regeneration after partial hepatectomy (PHx) has been well studied, as the liver follows a neatly orchestrated set of biological
processes. However, during ethanol-adaptation, these processes become dysregulated as the liver must support organ-level regeneration following PHx,
proliferation to repopulate dead or damaged cells due to EtOH toxicity, and overall metabolic homeostasis. Therefore, compensatory metabolic mechanisms must
exist in a healthy liver following PHx, allowing for total organ mass recovery while maintaining metabolic homeostasis, which is lost with EtOH intake.
Aim: We seek to elucidate the key control points of metabolic dysfunction of both proliferating and non-proliferating hepatocytes from EtOH-adapted rats to
determine the metabolic mechanisms of compensation during liver regeneration following PHx.
Methods: We collected a total of 354 hepatocytes, both proliferating and non-proliferating (identified by Ki67 staining) by way of laser capture microdissection
(LCM) at 0h (LLM) and 24h following partial hepatectomy (PHx) from Sprague Dawley rats fed either a control (N = 3 rats) or EtOH (N = 3 rats) diet. Single cell RNA-
sequencing (scRNA-seq) of the LCM samples was then performed, following the SMART-seq2 protocol [1]. The Seurat R package was utilized for downstream
analysis of the data [2]. The Compass algorithm was used for predicting metabolic reaction activity by integrating our collected scRNA-seq data with the RECON2
metabolic model [3,4].
Results: UMAP plotting of the collected scRNA-seq data showed distinct clustering of LLM and PHx samples. UMAP plotting of PHx samples alone showed no
distinct clustering of proliferating and non-proliferating cells regardless of diet, while LLM samples exhibited a distinct cluster of cells, with the majority being
proliferating from EtOH-fed rats. PCA plotting of reaction scores from the Compass algorithm exhibited the highest variation in principal component 1, with the
top 20 loadings corresponding to reactions involved in the fatty acid oxidation pathway. All PHx cells but only proliferating, EtOH-adapted, LLM cells had high
reaction activity in these top 20 loadings. Wilcoxon ranked sum test results showed the largest effect size in EtOH-adapted proliferating vs. non-proliferating cells
from LLM samples, belonging to metabolic pathways including ROS detoxification, steroid metabolism and glycan metabolism. Unique significant reactions from
LLM/PHx, EtOH/Ctrl, and P/NP cell identities show distinct metabolic pathway activity, which was unable to be captured by the scRNA-seq data alone.
Discussion: While scRNA-seq data is particularly useful in determining regulatory mechanisms, it may not accurately capture metabolic behavior as many
modifications can occur post-transcriptionally. We used the Compass algorithm, thereby leveraging the scRNA-seq data, to predict metabolic reaction activity.
Our combinatorial transcriptomic and predicted metabolic activity analysis showed distinct metabolic pathways differentiating proliferating from non-proliferating
cells in LLM samples, which is lost in ethanol-adapted cells following PHx. This points towards a mechanism of lost compensation during ethanol-adaptation in
which both proliferating and non-proliferating cells are actively working in similar metabolic pathways to regain lost tissue mass following PHx at the expense of
disrupting metabolic homeostasis.
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Results: Part I

Figure 3. ) scRNA-seq clustering analysis. a) UMAP plot using the top 2000 variable features shows distinct clustering of LLM and PHx samples. b) 
Heatmap of gene markers (DEGs) from the LLM and PHx clusters in (a). The top 5 up-regulated and down-regulated genes from each category are 
shown. UMAP dimensionality reduction was then computed for LLM (c) and PHx (d) samples only, annotating cells by diet (EtOH/Ctrl) and proliferative 
status (P=proliferating, NP=non-proliferating). e) Clustering of cells from the UMAP ofLLM samples only in (c) show cluster 1 with >50% of ethanol-
adapted proliferating cells. f) Highest number of DEG’s in cluster 1 with biological pathways involved in oxidative-reduction, liver development, 
triglyceride metabolism, response to drug, etc.

• The UMAP plot shows of all samples shows distinct clustering of PHx and LLM samples (Fig 3a) but not EtOH/Ctrl or P/NP samples
• 225 DEGs up-regulated in PHx and 11 DEGs down-regulated in PHx relative to LLM samples (Fig 3b)
• UMAP clustering of LLM samples alone shows highest percentage of ethanol-adapted proliferating cells and highest number of DEGs in Cluster 1. 

Pathway analysis shows these DEG’s are involved in processes such as oxidation-reduction, liver development, mRNA processing, triglyceride 
metabolism, response to drug, etc. (Fig. 3c,e,f)

• Cluster 2, which has the lowest percentage of ethanol-adapted proliferating cells but comparable percentages of remaining cell populations 
shows DEG’s belonging to processes included ubiquitination, response to DNA damage, DNA binding, regulation of immune response, etc. This 
cluster of cells is therefore responsible for tissue maintenance and homeostasis.

• Cluster 0, which is the most transcriptionally variable, only has 3 DEG’s, which are involved in anion transport and GPCR activity. However, 
because these cells lie between clusters 1 and 2, they may be able to change phenotypes to mimic that of the other clusters

• This analysis underscores the importance of distinct transcriptomic wirings in EtOH-adapted proliferating hepatocytes, which are necessary for 
re-establishing tissue homeostasis following hepatocyte death due to EtOH exposure

• UMAP of PHx samples alone shows random dispersion and non-distinct cell clustering of single cells despite annotation(Fig. 3d)
• This captures the adaptive response of the liver when given an additional EtOH stressor. The transcriptomic variances in cells with varying

proliferative status show the capability of all cells, despite their current proliferative status, to enter the cell cycle and divide following PHx.

Figure 4. ) Analyzing the reaction score variation across samples. a) PCA plot of the compass reaction scores matrix showing the majority of
variation occurring along the first principal component (PC1). The top 20 PC1 loadings are shown with arrows. b) Heatmap of the reaction scores 
matrix from the top 20 PCA1 loadings show high reaction activity in all PHx samples but only in proliferating, EtOH-adapted, LLM samples. All 
reactions shown in the heatmap are from the fatty acid oxidation pathway.

Figure 1. ) Experimental procedure for acquiring hepatocytes from Sprague Dawley rats. a) Workflow schematic of our experimental approach to 
obtain single hepatocytes, classify their proliferation status, and obtain gene expression data. b) LCM capture of a proliferating (Ki67 positive) 
hepatocyte and non-proliferating (Ki67 negative) hepatocyte. Liver tissue was additionally stained with DAPI (nuclear marker), phalloidin (cell 
boundary marker), and glutamate synthase (pericentral region marker). c) Hepatocyte samples categorized based on EtOH/Ctrl diet, 0h (LLM)/24h 
post-PHx, and proliferating (P)/non-proliferating (NP). Figure 1a. is adapted from [5].
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Results: Part II
• The reaction scores matrix shows highest variation in first principal component. The top 20 largest loadings from PC1 were from the fatty acid 

oxidation pathway, which exhibited high reaction activity in all PHx samples and only the proliferating, EtOH-adapted LLM samples (Fig 4).
• EtOH-adapted proliferating vs. non-proliferating cells from LLM samples showed the largest positive effect size, as computed by Cohen’s d statistic, 

with the following metabolic pathways only active in proliferating cells (large positive Cohen’s d values): ROS detoxification, steroid metabolism, 
and glycan metabolism. Oppositely, EtOH-adapted proliferating vs. non-proliferating cells from PHx samples showed the smallest effect size (Cohen’s 
d values closest to 0), with both cell types active (positive and negative Cohen’d values) in pathways including CoA synthesis, vitamin B6 
metabolism, NAD metabolism, and inositol phosphate metabolism (Fig. 5a)

• Effect size was moderate for proliferating vs. non-proliferating ctrl cells from LLM and PHx samples, with higher reaction activity in the proliferating 
cells in pathways identical to the EtOH proliferating vs. non-proliferating PHx sample comparison. (Fig. 5a). 

• There are many overlapping reactions with respect to significant activity across LLM/PHx, EtOH/Ctrl, and P/NP comparisons (Fig. 5b), however 
unique non-overlapping reactions exist across all comparisons: EtOH/Ctrl (arachidonic acid, galactose, pyruvate metabolism, etc.), LLM/PHx (folate, 
glycine, methionine, steroid metabolism, etc.), P/NP (bile acid synthesis, citric acid cycle, fructose metabolism)

• Of the non-overlapping unique reactions present in Fig. 5b, the PHx/LLM comparison shows reactions with the highest, most significant 
activity (Fig. 5c)

• Mapping the corresponding genes from these unique reactions back to the transcriptomic data (Fig. 5d) results in non-significant clustering
by sample annotation proving that transcriptomic data alone cannot fully describe enzymatic activity but metabolic inference algorithms 
such as Compass, provide a unique ability to utilize such data to predict metabolic behavior.
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Downstream Analysis– Metabolic State Characterization
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Figure 2. ) Workflow schematic of the Compass algorithm, which characterizes the metabolic state of single cells. In Step1a., Compass computes 
the reaction penalties matrix using the scRNA-seq data and RECON2 metabolic map as input. In parallel, Step 1b. calculates the maximal reaction 
fluxes for the RECON2 model. In Step 2a., the reaction penalty matrix is used as input in combination with the maximal reaction fluxes in Step 2b. to
calculate a score for each metabolic reaction. In Step 3., the matrix of scores is normalized such that higher scores correspond to reactions with 
higher activity. Downstream analysis and visualization can then be performed to identify novel metabolic targets. Figure is adapted from [3].
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Figure 5. ) Cell-type specific metabolic capabilities. a) Top 10 metabolic pathways, partitioned by RECON2, with the highest average effect size (Cohen’s d) using the 
Wilcoxon rank sum test. Reactions are colored by the sign of their Cohen d’s statistic, and are opaque or transparent according to statistical significance. b) Venn diagram 
showing the overlap between significantly active reactions of each annotated cell group and their respective metabolic pathways. c) Scatterplot of –log10(Wilcoxon 
adjusted p-val) vs. Cohen’s d value for the 89 non-overlapping reactions from each category in (b). d) Heatmap of scRNA-seq expression profiles from the associated 
metabolic genes encoded by the 89 non-overlapping reaction enzymes from (b).
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