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Introduction 
Feed costs account for nearly 50% of the total farm costs in the dairy industry (USDA ERS, 

2022), making improvements in feed efficiency economically and environmentally important. 

Feed efficiency is commonly measured as residual feed intake (RFI) and is estimated as the 

difference between observed and predicted dry matter intake (DMI) while accounting for 

biologically relevant energy sinks (Koch et al., 1963; VandeHaar et al., 2016). Additional 

biological variation in feed efficiency could potentially be explained by identifying molecular 

pathways and regulatory networks associated with RFI, which could lead to the identification 

of causal genes that may help accuracy of genetic evaluation or that could be modified through 

management. Whole blood is a minimally invasive tissue that reflects systemic physiological 

states through its continuous interaction with multiple tissues and enables the evaluation of 

immune cells. Thus, the blood transcriptome could help to find more representative feed-

efficient animals. 

Therefore, the objectives of this study were to 1) identify differentially expressed lncRNA and 

mRNA associated with divergent feed efficiency, 2) construct co-expressed gene networks and 

identify lncRNA within modules significantly associated with RFI, and 3) characterize 

functional processes and biological pathways associated with molecular control related to 

improved feed efficiency. 

 

Materials & Methods 
Animal Husbandry. Animal procedures were approved by the Iowa State Animal Care and 

Use Committee (Protocols 18-174 and 21-144). Studies were conducted between 2018-2022 

at the Iowa State University Teaching and Research Dairy Farm. Additional experimental 

design details can be found in Siberski-Cooper 2022 (Siberski–Cooper et al., 2022). Individual 

feed intake was recorded using the Calan Broadbent Feeding System (American Calan®, 

Northwood, NH). 

 

Sample selection. A subset of the top and bottom 15 percentiles of a population of 329 cows, 

based on RFI status (high=11, low=10), were selected for analysis, RFI was estimated as 

described (de Souza et al., 2019). Selected cows were 66-188 days in milk (DIM), within 

parities 1-3, and originated from 8 contemporary groups (CGs) 

 

Blood collection, RNA extraction, and sequencing of 3’ mRNA. Whole blood was collected 

from the caudal vein into 6 mL Tempus tubes (ThermoFisher; Waltham, MA, USA), placed 

on ice, and stored at -80 °C until RNA was extracted using the Norgen blood RNA purification 

kit (Norgen; Thorold, ON, CA). RNA quality was assessed using an Agilent Bioanalyzer (RNA 

Nano chip). Samples showing evidence of degradation were excluded from analysis. QuantSeq 

3’ mRNA-Seq (Lexogen, Austria) libraries were multiplexed and sequenced on an Illumina 

NovaSeq 6000 SP2 flow cell with 100-bp single-end reads.  
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Processing of RNA-seq reads. Raw reads were trimmed for adapter sequences, poly-A tails, 

and low-quality bases using BBDUK v39.01 (Bushnell, 2014). Read quality before and after 

trimming was assessed with FASTQC v0.11.9 (Andrews, 2010). Cleaned reads were aligned 

to the Bos Taurus reference genome (Bos_taurus.ARS-UCD 2.0.115; Ensembl v115) using 

STAR v2.7.6 (Dobin et al., 2013). Gene-level read counts were estimated with HTSeq v0.11.2 

using Ensembl v115 annotations (Anders et al., 2015). For downstream analyses of all samples, 

genes were retained only if they had at least 1 count per million in more than 25% of samples. 

 

Statistical analysis. Differential gene expression analysis was performed in R using DESeq2 

(Love et al., 2014). Significance based on RFI group (high vs. low) was assessed by Benjamini-

Hochberg false discovery rate correction (adjusted p-value < 0.05). The model used was as 

follows, 

Ygsi =  + RFIij + CGi + Parityi + DIMij + gsi     (1) 

where, Ygsi = read counts mapped to gene g in cow i with mean ; RFIij = fixed class effect of 

feed efficiency (high, low); CGi = fixed effect of CG (1-8); Parityi = fixed effect of parity (1, 

2, 3+); DIMij = fixed effect of lactation stage (early, peak, mid, late); and gsi = random error.  

Weighted gene co-expression network analysis (WGCNA; Langfelder and Horvath, 2008) in 

R was used to identify gene networks associated with continuous and categorical RFI. Pathway 

enrichment and functional annotation of differentially expressed and co-expressed genes 

associated with RFI were performed using NetworkAnalyst (Zhou et al., 2019), with a 

Benjamini-Hochberg false discovery rate (adjusted p-value). 

 

Results & Discussion 
Descriptive statistics and analysis summary. An average of 2,420,476 clean reads per sample 

were obtained after trimming, with 82.96% mapped to the reference genome. Overall, a total 

of 20,006 genes were used for differential gene expression analysis after all additional quality 

controls. A total of 233 genes were identified as differentially expressed genes (DEGs; adjusted 

p-value < 0.05), and a total of 226 genes were identified as significant DEGs (adjusted p-value 

< 0.05 and absolute fold change > 2) and used for further analysis. Of those 226 DEGs, a total 

of 87 were increased, and 139 were decreased in abundance in the high-feed efficient group 

compared to the low-feed efficient group. One gene network module comprised 591 genes was 

found to be significantly associated with continuous RFI (p = 0.02), with 274 of these genes 

annotated as lncRNAs. 

 

Differential expressed genes (DEGs) were largely related to immune function. Among the 

DEGs were NKAP, ICOSLG, PLPBP, CDCP1, and FSTL3, all of which play important roles 

in immune regulation. NKAP regulates NF-KB signaling and T-cell maturation (Chen et al., 

2003; Pajerowski et al., 2009), and ICOSLG, a key costimulatory ligand for T- and B-cell 

activation (Wang et al., 2000; Yoshinaga et al., 2000). PLPBP regulates vitamin B6 availability 

required for lymphocyte proliferation and cytokine production (Riordan et al., 2012; Darin et 

al., 2016). CDCP1 is involved in PI3k-Akt signaling (Khan et al., 2021). Lastly, FSTL3 

modulates TGF-β signaling and metabolic homeostasis (Mukherjee et al., 2007). NKAP and 

CDCP1 were upregulated, whereas ICOSLG, PLPBP, and FSTL3 were downregulated, 

suggesting a shift toward a more protective and lower inflammatory immune activity response 

in high-feed-efficient cows, which may contribute to their improved efficiency through more 

efficient energy partitioning. Of the 226 identified DEGs, 79 DEGs were annotated as 

lncRNAs, comprising 57 decreased and 22 increased in abundance. Additionally, 2 were 

annotated as small nucleolar RNAs (snoRNAs) and 2 as small nuclear RNAs (snRNAs).  
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Functional enrichment analysis of DEGs and significant WGCNA modules. Enrichment 

analysis of the DEGs identified 120 enriched KEGG pathways (adjusted p-value < 0.001), with 

many related to immune function. Some of the most notable were the PI3K-Akt, Rap1, 

neurotrophin, and T-cell receptor signaling pathways. AKT1 was identified as a hub gene, 

which underscores its central role in integrating the identified enriched pathways as AKT1 

functions at the core of the PI3K-Akt axis to coordinate immune cell function and metabolism 

(Siddika et al., 2022). Genes within the WGCNA module that were significantly associated 

with RFI (p = 0.02) were significantly enriched in four KEGG pathways (adjusted p-values < 

0.0001), including ribosome, ribosome biogenesis, RNA degradation, and aminoacyl-tRNA 

biosynthesis. Notably, the significantly module contained SNORD72, a C/D box snoRNA, 

which is a class of RNAs that guide rRNA modifications and play critical roles in ribosome 

assembly and ribosomal biogenesis (Ojha et al., 2020). Additionally, 5 spliceosomal snRNAs 

were identified within the module, which are functionally important in pre-mRNA splicing 

(Karijolich and Yu, 2010) and could potentially lead to differences in metabolic efficiency, 

potentially improving feed efficiency. The presence of these regulatory ncRNAs provides 

mechanistic support for the enriched pathway associations. Overall, these findings suggest that 

more feed-efficient cows may maintain cellular and tissue homeostasis with lower translational 

and maintenance costs, enabling a more efficient use of available nutrients and resources. 

Enrichment of immune-related pathways and translation-related processes suggests that the 

ncRNAs identified in both the differential gene expression analysis and WGCNA may act as 

upstream coordinators, optimizing immune activation and cellular maintenance demands. 

Through their regulatory capacity, these ncRNAs may contribute to a more optimized immune 

state and more efficient regulation of protein turnover, enabling more feed-efficient cows to 

minimize maintenance energy costs while preserving essential cellular functions. 

 

Conclusions 

This study demonstrated that DE genes in blood are informative of a variety of biological 

processes that may impact feed efficiency, including immune functions, cellular maintenance, 

and late protein translation. A large number of lncRNAs and ncRNAs were identified that were 

correlated to genes in network modules enriched for immune and metabolic functions. These 

data suggest a possible systems-level mechanism in which immune responsiveness is 

optimized to limit unnecessary energy expenditure. Though additional research is needed to 

determine the impact and biological role of these genes, this study highlights a host of 

interesting candidate genes and pathways involved in feed efficiency in dairy cattle.  
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