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A B S T R A C T   

Species-specific neural inflammation can be induced by profound immune signalling from periphery to brain. 
Recent advances in transcriptomics offer cost-effective approaches to study this regulation. In a population of 
captive zebra finch (Taeniopygia guttata), we compare the differential gene expression patterns in lipopolysac
charide (LPS)-triggered peripheral inflammation revealed by RNA-seq and QuantSeq. The RNA-seq approach 
identified more differentially expressed genes but failed to detect any inflammatory markers. In contrast, 
QuantSeq results identified specific expression changes in the genes regulating inflammation. Next, we adopted 
QuantSeq to relate peripheral and brain transcriptomes. We identified subtle changes in the brain gene 
expression during the peripheral inflammation (e.g. up-regulation in AVD-like and ACOD1 expression) and 
detected co-structure between the peripheral and brain inflammation. Our results suggest benefits of the 3′end 
transcriptomics for association studies between peripheral and neural inflammation in genetically heterogeneous 
models and identify potential targets for the future brain research in birds.   

1. Introduction 

Inflammation in brain is often linked with serious behavioural 
changes and health disorders (Kempuraj et al., 2017). In humans, the 
outcomes of mild neuroinflammation affect behaviour and psychiatric 
state, including development of clinical depression (Brites and Fer
nandes, 2015; DiSabato et al., 2016; Yoshino et al., 2021). In rodents, 
anxiety and depression-like behaviour can be triggered by stimulation of 
inflammation in the periphery (Bluthé et al., 1994; Mayerhofer et al., 
2017; Painsipp et al., 2010; Sulakhiya et al., 2016). During inflamma
tion, profound immune signalling from periphery to the central nervous 
system (CNS) can induce neuroinflammation (Danielski et al., 2018; 
Hernández-Romero et al., 2012). Important roles in this regulation are 
played by soluble signalling molecules, pro-inflammatory cytokines (e. 

g. interleukin 1 β, IL1B (Lopez-Castejon and Brough, 2011); produced by 
stimulated peripheral leukocytes that cross the blood brain barrier, 
stimulate microglia and astrocytes and induce neuroinflammation 
(Becher et al., 2017; Erickson et al., 2012). While recent evidence sug
gests interspecific differences in this regulation (Divín et al., 2022), 
presently we are not sure how common this phenomenon is across 
vertebrates. Except for humans and rodents in which research of neu
roinflammation is widespread, only few studies describe this phenom
enon in chickens (Asfor et al., 2021; Du et al., 2020; Song et al., 2020; 
Zeng et al., 2019) and data from other taxa are sparse (Scalf et al., 2019). 

Across vertebrates, variability is observed in peripheral immune re
sponses, contributing to variation in susceptibility to infections (Seal 
et al., 2021; Vinkler et al., 2023; Zheng et al., 2020). Much of this 
variation is adaptive, diversified and shaped by natural selection acting 
across species and populations (Eskew et al., 2021; Minias and Vinkler, 
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2022; Peralta-Sánchez et al., 2012; Těšický et al., 2020). Model organ
isms often provide genetic uniformity that meets the research needs in 
controlled laboratory experiments but they lack the inter-individual 
variation observed in nature (Russell et al., 2017). While much is pres
ently known about regulation of local and systemic inflammation in 
humans and laboratory rodents, little information is available to other 
species and especially birds, which represent an evolutionary parallel to 
mammals (Vinkler et al., 2022). Studies in new model species can pro
vide novel insights into general mechanisms underlying immunity 
regulation and its interaction with other biological systems (Russell 
et al., 2017). 

Avian-oriented research could become highly informative for the 
current understanding of neuroimmunology (Bramley et al., 2016). 
Birds show high neuronal densities and developed cognitive skills, 
comparable to mammals of much larger body mass (Olkowicz et al., 
2016). However, majority of the research in avian neuroimmunology 
has so far been focused at the domestic chicken (Gallus domesticus) as a 
key model (Flores-Santin and Burggren, 2021; International Chicken 
Genome Sequencing Consortium, 2004). In chickens, the neuronal 
structures and cognitive skills are less developed than in other evolu
tionarily derived birds (Kverková et al., 2022), such as the passerines 
representing the majority of the extant avian species (Arnaiz-Villena 
et al., 2010; Hellgren and Ekblom, 2010; Romanov et al., 2014). Pas
serines share a number of cognitive and physiological adaptations 
convergent to primates. They mastered the vocal learning, which is 
linked to changes in brain structures analogous to humans (Aamodt 
et al., 2020). These birds also display memory-dependent behaviour 
associated with visual identification of food items, and often live in 
social groups like the primates, but are easier to handle and breed faster 
(Balakrishnan et al., 2010; Mello, 2014). Zebra finch (Taeniopygia gut
tata) is a recently emerged songbird model for immunological (Batra 
et al., 2020; Lopes et al., 2012; Mishra et al., 2019; Pedersen et al., 2017; 
Poole and Kitchen, 2022; Vinkler et al., 2022) and neurobehavioral 
research (Spierings and ten Cate, 2016), to which much information on 
the regulation of neuroimmune pathways is still missing (David et al., 
2011). Furthermore, it has a fully sequenced high-quality genome and 
gene annotation (Warren et al., 2010), making it a suitable model for 
transcriptomic investigation. 

Transcriptomics is a powerful approach for identification of key 
pathway-activation markers in non-model species. Several advance
ments in RNA sequencing have recently made transcript detection more 
precise (Hong et al., 2020; Ozsolak and Milos, 2011; Satam et al., 2023). 
Full-length RNA transcriptomics (RNA-seq) helps to precisely quantify 
the gene expression levels, assemble the sequences of new transcripts 
and understand alternative RNA processing (Ramsköld et al., 2012; 
Finotello and Di Camillo, 2015). Previously, the RNA-seq approach has 
provided relevant insights on gene expression changes during neuro
inflammation and associated diseases in mice and humans (Canchi et al., 

2020; Pulido-Salgado et al., 2018). However, RNA-seq approach re
quires deep sequencing and accurate standardisation of the library 
preparation procedures since otherwise bias can emerge from frag
mentation and library construction steps, altering transcript represen
tation and resulting in more enriched differentially expressed genes 
(DEGs) for longer transcripts than for the shorter ones (Wang et al., 
2009). Furthermore, in cases of less common model species with sub
stantially high inter-individual variation in immune responsiveness, 
RNA-seq requires investigation of high number of experimental subjects 
even for relatively simple experimental designs. Hence, despite the 
falling costs of sequencing, the sample size still can represent a limita
tion, urging for innovations in library processing, sequencing strategy 
and data analysis (Moll et al., 2014). To describe the general expression 
patterns of genes in the transcriptome, full-length sequence RNA-seq can 
represent an unnecessary investment. New 3’ RNA-seq methods, such as 
QuantSeq, were designed to reduce the costs of general gene expression 
analysis (Jarvis et al., 2020; Moll et al., 2014), allowing comparing 
expression patterns across larger sets of samples. The QuantSeq, uses a 
protocol without any prior poly(A) enrichment or rRNA depletion, in 
which total RNA is not fragmented before reverse transcription and only 
single read per transcript is obtained (Ma et al., 2019), sequencing the 
RNA string close to its 3′ end (generally from the last exon and/or the 3′ 
untranslated region). Thus, in QuantSeq the number of reads mapped to 
a given transcript sequence is fully proportional to its expression (Corley 
et al., 2019). 

The main objective of our study was to explore neural inflammation 
patterns of gene expression in zebra finch after stimulation of mild pe
ripheral sterile inflammation triggered with bacterial lipopolysaccha
ride (LPS). Despite previous rich transcriptomic research conducted in 
the zebra finch brain, earlier research focused mostly on variation in 
gene expression of specific genes (e.g. MHC; Ekblom et al., 2010), 
transcriptomics of parental care (Kumari et al., 2022) and especially sex- 
(Friedrich et al., 2022; He et al., 2022) and species-specific (Pfenning 
et al., 2014) differences in gene expression related to vocal learning. 
Limited research has been so far conducted in passerine brain immu
notranscriptomics (but see e.g. Scalf et al., 2019). First, we investigated 
the peripheral and systemic effects of our immune manipulation. Since 
previous studies in avian ecophysiology considered skin as a tissue of 
interest (Santiago-Quesada et al., 2015; Vinkler et al., 2010, 2012) that 
is also suitable for the investigation of the regulatory interconnection 
between the peripheral and systemic immune responses (Arck et al., 
2006; Chen and Lyga, 2014; Paus et al., 2006; Peters et al., 2005), we 
started with analysis of the inflammation effects in skin. We adopted the 
classical Illumina RNA-seq method from the number of individuals 
equivalent to similar studies performed in lab mice (Crowell et al., 2020; 
Liu et al., 2021). Obtaining compromised results (likely due to 
inter-individual variation in immune responsiveness), we then adopted 
the QuantSeq approach that is applicable to an enlarged data set. 
Decreasing the per sample sequencing cost, we doubled the size of our 
transcriptomic data set. Here we report comparison of results from the 
two approaches, RNA-seq and QuantSeq. Next, we used the QuantSeq 
method for brain tissue transcriptomics to reveal the effects of our LPS 
treatment on gene expression changes in avian brain. Finally, we veri
fied our key results through reverse transcription quantitative poly
merase chain reaction (RT-qPCR) analysis. 

2. Materials and methods 

2.1. Experimental design 

Twenty-four adult zebra finch males healthy in appearance were 
purchased from local hobby breeders (November 2018) and were 
immediately transported into the animal facility of the Faculty of Sci
ence, Charles University, Czech Republic, EU. For each individual, the 
body weight and tarsus length were measured. For this research, we 
selected only males, because of the known transcriptomic differences 
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between the sexes (Friedrich et al., 2022) and the need to limit the 
overall biological heterogeneity of our experimental sample. The birds 
were marked with coloured aluminium rings with ID codes and housed 
in two large aviaries where they were fed with millet and received tap 
drinking water ad libitum. The birds were kept for 3 days in quarantine 
under regular conditions (D12:N12, 22 ◦C). Before any manipulation, 
the magnitude of the tissue of the left wing-web (patagium) was 
measured in each bird three times with accuracy to 0.01 mm (Vinkler 
et al., 2010, 2012), using a thickness gage (Mitutoyo, Sakado, Japan, 
Cat. No. 547-312S). For the experiment, the 24 individuals were divided 
into two equally sized groups: 12 individuals represented unstimulated 
controls and 12 immune-stimulated treatments (for dataset details see 
Table S1 in Electronic Supplementary Material 1, ESM1). All treatment 
individuals received intraabdominal injection of 0.1 mg Escherichia coli 
LPS O55:B5 (product No. L2880, Sigma-Aldrich, St. Louis, Missouri, 
USA) dissolved in 100 μl Dulbecco’s phosphate-buffered saline (product 
No. D5652, Sigma-Aldrich). Furthermore, the treatment birds also 
received an injection of 0.1 mg LPS O55:B5 (Abou Elazab et al., 2022; 
Casebere et al., 2015) dissolved in 20 μl sterile DPBS administrated 
subcutaneously into the left wing web (patagium) for testing the local 
inflammatory response (Wegmann et al., 2015). The experimental ma
nipulations were performed in two consecutive days (two batches of 14 
and 10 birds, both containing equal proportions of treatments and 
controls i.e. in the first batch 7 LPS-treated and 7 control birds, in the 
second batch 5 LPS-treated and 5 control birds). The LPS-treated birds 
and no-treatment controls were manipulated in the same way to expe
rience similar levels of the handling stress. For each bird the stimulation 
period was individually set to 24 h ( ± 1 h), a period of assumed pe
ripheral inflammation peak (Adelman et al., 2013) after which a second 
metrical tissue-magnitude measurement was taken from both the left 
and right patagium (again three times) and then each bird was eutha
nized by decapitation (Scalf et al., 2019; Vinkler et al., 2018). The 
research was approved by the Ethical Committee of Charles University, 
Faculty of Science (permits 13882/2011-30) and was carried out in 
accordance with the current laws of the Czech Republic and the Euro
pean Union. 

After the post-mortem blood collection from carotids (immediately 
after decapitation, using sodium heparin to prevent blood coagulation), 
blood smears were made by spreading a drop of blood over a glass slide. 
Selected tissues were immediately collected into RNAlater (Cat. No. 
R0901, Sigma-Aldrich), including brain hyperpallium (ca. 24 mm3) and 
skin tissue necropsies from the patagium (wing web, area of ca. 6 mm2, 
containing a layer of the skin tissue and associated leukocyte infiltrate). 
The total dissection time for each bird was <20 min. The collected tis
sues were immediately placed into the RNAlater, stored at +4 ◦C over
night and then frozen at − 80 ◦C until analysis. The wing swelling score 
was later calculated as the average tissue thickness of the left wing after 
stimulation minus the average thickness of the right wing. 

2.2. RNA isolation and sequencing 

The brain and skin tissues were homogenized in 2 ml hard tissue 
homogenizing tubes containing beads (Cat. No: 19-628D, OMNI Inter
national, Kennesaw, GA, USA) using MagnaLyser (Cat. No. 41984075, 
Roche, Basel, Switzerland) and the total RNA was extracted by High 
Pure RNA Tissue Kit with the DNase-treatment step included (Cat. No. 
12033674001, Roche). The RNA yield and purity were estimated using 
Nanodrop (Cat. No. 9380, ND-1000 UV/Vis, Nanodrop Spectropho
tometer, USA) and Agilent 2100 Bioanalyzer (Cat. No. DE00001234, 
Agilent Technologies, CA, USA). For the skin necropsies (given their 
small size, ~3 × 2 mm patch), the RNA concentrations ranged between 1 
and 10 ng/μl with RNA Integrity Number (RIN) > 6.0, A260/280 values 
between 1.6 and 2.11 and A260/230 values between 1.52 and 2.48 
while for the brain samples (~8 mm3) the RNA concentrations ranged 
between 8 and 160 ng/μl with RIN >9.5, A260/280 values between 2.01 
and 2.24 and A260/230 values between 2.16 and 2.37. 

The library preparation and sequencing were performed at the Eu
ropean Molecular Biology Laboratory (EMBL), Heidelberg, Germany. All 
the samples were first barcoded with Illumina TruSeq adapters. The NGS 
libraries were prepared using two different approaches, namely the 
RNA-seq and QuantSeq. The RNA-seq libraries were generated from the 
whole RNA and QuantSeq sequences were generated from the RNA 
3′ends. The RNA-seq libraries were prepared using NEBNext Ultra II 
Directional RNA Library Prep Kit for Illumina, and the QuantSeq li
braries were prepared using Lexogen QuantSeq 3′ polyadenylated RNA 
Library Prep Kit FWD for Illumina. For both applications, the sequencing 
was carried out using the Illumina NextSeq 500 platform, with the RNA- 
seq reads being 80 base pair (bp) paired-end (PE), and the QuantSeq 
reads being 80 bp single-end (SE). 

For the RNA-seq we sequenced skin samples (left wing patagium) 
from six randomly selected treatment individuals, representing their 
LPS-stimulated wing-web skin (hereafter referred to as ‘treatment- 
treatment’, tt), the control skin samples (right wing patagium) from the 
same six LPS-stimulated individuals (hereafter referred to as ‘control- 
treatment’, ct) and unmanipulated skin samples (left wing patagium) 
from six randomly chosen control individuals (hereafter referred to as 
‘control-control’, cc). The general immune response was estimated by 
comparing cc samples to tt samples. The comparison of ct samples to tt 
samples served us for description of the relative effects of the local im
mune response, while the comparison of cc samples to ct samples served 
us to disentangle the effects of the systemic immune responses in the 
periphery. To reach comparable sequencing costs for both approaches 
focusing on the tt and cc comparison, for QuantSeq we compared 12 
treatment skin samples from the treatment individuals (tt) to 12 control 
skin samples from the control individuals (cc). Using the advantage of 
the cost-efficient QuantSeq approach, we were able to cover larger 
population sample and hence overcome the issue of inter-individual 
variability in transcriptomic patterns biasing the results. Finally, to 
meet our main objective, using QuantSeq we sequenced brain samples 
from the same 12 treatment individuals and 12 control individuals. The 
raw sequences were uploaded in the Sequence Read Archive (SRA) of 
NCBI (accession number: PRJNA751848). 

2.3. Transcriptome bioinformatics 

The transcriptome bioinformatic analysis was carried out in Wage
ningen University and Research (WUR), the Netherlands. The BAQCOM 
pipeline v. 0.3.2 (https://github.com/hanielcedraz/BAQCOM; Adapter 
trimming: Trimmomatic v. 0.39; Alignment STAR v. 2.7.2b; Readcounts: 
featurecounts v. 2.0.3) with the zebra finch reference genome (Taenio
pygia_guttata.bTaeGut1_v1.p.dna.toplevel.fa) and annotation file (Tae
niopygia_guttata.bTaeGut1_v1.p.108.gtf) downloaded from Ensembl 
(Howe et al., 2021) was adopted for the data analysis. This was based on 
initial testing of the BAQCOM and the bluebee pipeline (https://www. 
bluebee.com/lexogen/; Adapter trimming: bbduk v. 35.92; Alignment 
STAR v. 2.5.2a; Readcounts: HTSeq-count v. 0.6.0). 

On average, the RNA-seq generated in the skin samples ~130 million 
reads per individual (range from 85,612,614 to 167,895,520 reads; 
Table S3, ESM1) with the alignment percentage ranging between 
55.50% and 95.98% (Table S4, ESM1). For QuantSeq, the sequence data 
obtained were on average ~9.5 million reads per individual (range from 
1,586,888 to 21,400,263 reads) for the skin samples and ~13.4 million 
reads per individual (range between 11,309,173 and 16,028,933 reads; 
Table S3, ESM1) for the brain samples. For the skin samples, the align
ment percentage ranged between 65.56% and 95.86% and for the brain 
samples, the alignment percentage ranged between 68.99% and 91.38% 
(Table S4, ESM1). 

As outlined above, for DEG analysis in RNA-seq data we used the in- 
depth capacity of the platform to gain insight into the additive effects of 
local and systemic immune response: i) the general response was esti
mated by comparing the groups cc vs. tt (as for the QuantSeq), ii) the 
local effects were estimated by comparing treatment and control wings 
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from the same treatment individuals (ct vs. tt), and finally iii) the sys
temic effects were estimated by comparing unmanipulated controls to 
untreated skin in the intraabdominally LPS-injected individuals (cc vs. 
ct). The DESeq2 program was used with default settings to calculate the 
fold change gene expression values that were then transformed to their 
log2 values. Genes with padj value ≤ 0.05 and a log2 fold change value 
≥ 1 were considered as significantly differentially expressed. Gene 
functional annotations (gene ontology, GO) were attributed using the 
Ensembl BioMart (Smedley et al., 2015) with a zebra finch reference, 
manually supplemented with Uniprot (The UniProt Consortium et al., 
2021) annotations. The GO terms for unannotated genes were assigned 
by finding orthologous genes in the chicken or human reference using 
gprofiler (Raudvere et al., 2019). 

To reveal similarities and differences in the results obtained through 
the RNA-seq and QuantSeq platforms, we used the Co-Inertia multi
variate Analysis (CIA) (Dolédec and Chessel, 1994; Dray et al., 2003) 
combined with the Monte Carlo permutation test (see Bílková et al., 
2018). CIA identifies co-relationships between the samples from the 
same individuals represented in multiple datasets. Furthermore, the 
correlations between the QuantSeq and RNA-seq data were analysed 
using corrplot package (Version 0.84) and Spearman’s correlation in R 
software (version 4.1.1; (Team, 2013). Since the total number of 
experimental animals differed between our RNA-seq and QuantSeq 
datasets, we applied these two approaches on identically subsampled 
datasets, using only the QuantSeq data from samples simultaneously 
sequenced also through the RNA-seq. We also ran the GATK (Genome 
Analysis Toolkit) pipeline (Poplin et al., 2017) to check for the 
relatedness-independent assortment of the individuals between the 
treatment groups; we used SNPRelate package (default settings) (Zheng 
et al., 2012) in R software for generating the dendrogram of individual 
relatedness. The result showed us that the birds were distributed be
tween the treatment groups randomly with respect to their relatedness 
(Supplementary Fig. S1, ESM2). We generated Venn diagrams to indi
cate the DEGs common between the all the full length RNA-seq com
parisons (RS) as well as between all RS vs. QuantSeq (QS) comparisons 
using Venny (version 2.1.0) (Oliveros, 2007). We used online tool Shi
nyGO v. 0.77 (http://bioinformatics.sdstate.edu/go/) to generate the 
gene interaction network for the differentially expressed genes from the 
QS data of both skin and brain tissues (Ge et al., 2020). 

2.4. RT-qPCR validation of the gene expression changes in brain and skin 

For the selected top DEGs (based on the fold change values from the 
QuantSeq analysis) expressed in both brain and skin we verified the 
expression patterns using RT-qPCR. The target genes included IL1B, 
avidin (AVD-like), antimicrobial protein avian β defensin 10 (AvBD10), 
two chemokine genes CXCLi1, CXCLi2 (orthologous genes for the che
mokine CXCL8 ~ IL8 in mammals; Poh et al., 2008) and 
anti-inflammatory gene aconitate decarboxylase 1 (ACOD1). The 28S 
rRNA was used as a reference gene. The RT-qPCR was performed in 
triplicates, together with plate negative (no-template triplicate) and 
positive (standard dilution series 102-108 copies) controls, using Luna 
Universal Probe One-Step RT-PCR Kit (E3006, BioLabs Inc.) with 0.6 
mM primer and 0.2 mM probe concentrations in a Light Cycler LC480 
Instrument (Roche Diagnostics, Rotkreuz, Switzerland) set to cycling 
conditions: (1) 50 ◦C 10 min, (2) 95 ◦C 1 min, (3) (95 ◦C 10 s, 60 ◦C 30 s) 
× 45. The RNA for the RT-qPCR analysis was diluted in molecular water 
enriched with carrier-tRNA (Qiagen, Cat. No. 1068337): 1:5 for the 
target gene quantification and 1:500 for the reference gene (28S rRNA) 
quantification. Details to the RT-qPCR assays are provided in Table S5, 
ESM1. As positive controls we used the synthetic DNA standards 
(g-Blocks; Table S6, ESM1). Our assay efficiency was on average 1.911 
(ranging between 1.72 and 2.00, Table S6, ESM1; standard curves for 
the RT-qPCR assays are provided in Fig. S2, ESM2). Prior the RT-qPCR 
analysis, we checked the sequence population variability in the 
primers and probes used for our RT-qPCR assays to identify any possible 

mismatches (extraction of genomic DNA from blood of 10 zebra finches 
using DNeasy Blood & Tissue Kit, Qiagen, cat. number 69581; amplifi
cation with Qiagen Multiplex PCR Plus kit in a reaction with 0.2 μM final 
concentration of primers; Sanger sequencing of the targets with BigDye 
Terminator v. 3.1 Cycle Sequencing Kit and 3500xL Genetic Analyzer 
Applied Biosystem platform). In the final assays that we designed for this 
study we did not find any sequence variation that could differentially 
affect the assay efficiencies between individuals (GenBank IDs are pro
vided in Table S7, ESM1). 

The gene expression quantification was calculated either as standard 
gene expression quantity (Qst; Vinkler et al., 2018) that allows com
parison of the gene expression between treatments and controls or as the 
relative gene expression ratio (R) which provides the measure of gene 
expression fold change in the treatments against the controls (Pfaffl, 
2001). In the ACOD1 gene, non-specificities were repeatedly revealed 
when amplifying different regions of the gene with different combina
tions of primer pairs, probably resulting from repetitive GCs, indels 
variable in the population or multiple isoforms. Also, the efficiency of 
our ACOD1 qPCR was very low in this gene (1.72). Therefore, ACOD1 
was excluded from the final DGE analysis. The analysis was limited only 
to the top target genes and a single reference gene because of the low 
amounts of RNA that was remining after the transcriptomics and was 
available for the RT-qPCR analysis. 

The statistical analysis of the RT-qPCR results was conducted using 
the R software (Team, 2013). We assessed data normality distribution 
through the Shapiro-Wilk test. Due to the non-normal distribution of the 
Qst values, we opted to employ the non-parametric Wilcox test for 
further analysis. The differences in gene expression between treatment 
groups were visualised as boxplots using the ggplot2 package (v. 3.4.2). 
Correlation tests and Principal Component Analyses (PCA) were per
formed for the selected genes studied via RT-qPCR in both skin and brain 
tissues, respectively. The relative expression data were normalized using 
a common logarithm. 

3. Results 

3.1. Skin swelling response to LPS stimulation 

Before transcriptomic analysis, we checked whether the inflamma
tory immune response to the LPS stimulation occurred in skin of the 
treatment birds in the time of tissue collection. This was revealed by the 
significant swelling of the tissue in treatments compared to controls 
(Wilcoxon signed rank test: n = 24, V = 1.00, p = 0.003; Fig. 1). 

Fig. 1. Difference in the wing patagium swelling response between the LPS- 
treatment birds and controls. The wing swelling score was used as an inflam
matory response measure, calculated as the difference in skin thickness be
tween the left (treatment) wing patagium and the right (control) wing patagium 
(mm). Mean and variation in SD is shown. 
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3.2. Skin transcriptomics analysed by the RNA-seq approach 

Based on the zebra finch RNA-seq data from skin peripheral 
inflammation, our experimental design allows us to elucidate the rela
tive effects of systemic and local responses from the general tran
scriptomic changes. First, the DGE analysis of the general response (tt vs. 
cc; dataset RS1) revealed in total 370 DEGs with 117 of them having 
annotation of the gene function. Out of these 62 were up-regulated and 
57 down-regulated (gene list with GO annotations provided in Table S8, 
ESM1). Interestingly, the most significant up-regulated genes belonged 
to the GO terms muscle fibre development pathway, positive regulation 
of Rho protein signal transduction pathway and post-translational pro
tein modification pathway. Only six upregulated genes were involved in 
immune function, including innate immune response (SUSD4), leuko
cyte migration involved in inflammatory response (TRIM55) and nega
tive regulation of interferon-gamma-mediated signalling pathway 
(PPARG). Neither most of the significantly down-regulated genes were 
involved in immune function; those that were (5 genes) belonged to the 
pathways including negative regulation of inflammatory response 
(CCN3) and positive regulation of interleukin-1 production (PANX2). 
Second, analysis of the local effects of the LPS treatment (ct vs. tt; dataset 
RS2) identified 103 DEGs out of which only 43 DEGs had gene function 
annotations, with as few as 14 up-regulated ones and the remaining 29 
genes being down-regulated (Table S9, ESM1). The most significant up- 
regulated genes belonged to the regulation of apoptotic process and 
activation of JUN kinase activity pathways. Minority of the up-regulated 
DEGs were associated with immunity: inflammatory response (KLRG1), 
response to bacterium (CLPS) and cytokine-mediated signalling 
pathway (IL17RD). Key down-regulated genes belonged to the following 
pathways: intracellular signal transduction, lipid metabolic process, and 
calcium ion transport. Among the few down-regulated immune genes 
belonged those linked with negative regulation of NIK/NF-kappaB sig
nalling (CCN3), positive regulation of interleukin-1 production (PANX2) 
and innate immune response (POLR3E). Third, analysis of the systemic 
effects of the peripheral LPS stimulation (cc vs. ct; dataset RS3) identi
fied 76 DEGs in total, but only 37 genes annotated. Among these, 33 
were up-regulated and 4 down-regulated (Table S10, ESM1). The main 
pathways identified were partially consistent with the results of our 
general (cc-tt; RS1) analysis, although we could only find a single gene 
which was directly involved in immune function (ANKRD1). 

We found limited overlaps between the gene sets revealed by the 
three separate DGE analyses, with no genes common among all of them 
(Fig. S3; Table S11, ESM1). There were 32 genes common between RS1 
and RS2, indicating their involvement in the local response, although 
only a single one (BIRC7) showed a direct immune function). There were 
25 genes common between RS1 and RS3, suggesting their role in sys
temic response, but none had any specific role in immunity. Thus, sur
prisingly, our RNA-seq analysis did not reveal any important 
involvement of immune genes in the immune response. Therefore, we 
conclude that within the existing budget constraints, our RNA-seq was 
not very successful in detecting the immunological effect of an avian 
systemic inflammation. These pilot results indicated that simple increase 
in the sample size and sequencing depth would not be a cost-effective 
and budget-feasible solution to reach our objective. Therefore, an 
alternative strategy was adopted, applying the QuantSeq approach to 
identify the immunological effect of the LPS stimulations. 

3.3. Skin transcriptomics analysed by the QuantSeq approach 

In an enlarged dataset of 24 individuals potentially better repre
senting the inter-individual variation, we analysed the general skin in
flammatory response (cc vs. tt) using the QuantSeq approach (dataset 
QS; equivalent RS1). We identified the differential expression in 265 
genes. Out of the 168 significant DEGs with functional annotation 
available, 113 genes were up-regulated, and 55 genes were down- 
regulated (Table S12, ESM1; the gene interaction networks for the up- 

regulated and down-regulated genes are shown in Fig. S4 and Fig. S5, 
respectively). In contrast to the RS1 dataset, several of the up-regulated 
DEGs represented key regulators of immune response and known 
inflammation markers. As expected, the major immune pathways 
detected were immune response (SCAP), innate immune response 
(CXCL8), and cellular response to lipopolysaccharide (IL1B, TNIP3). Our 
analysis also identified changes in expression of other genes functionally 
related with altered physiology during inflammation, including, e.g., 
cell-cell junction assembly (CDH12), maintenance of epithelial cell 
apical/basal polarity (LHX2) and anatomical structure morphogenesis 
(SOX3). 

We found little overlap between the most significant up-regulated 
pathways revealed by the four skin sample comparisons we performed 
(Fig. 2). Searching for possible overlaps (Fig. 3), we found only 6 DEGs 
with defined GO annotation common between the RNA-seq and 
QuantSeq results (cc-tt) in skin: MB, MYOZ1, CKMT2, MYL1, TNNT3 and 
PLCXD3 with most of them having their roles in skeletal muscle devel
opment and muscle contraction, but no associations to immunity. Yet, 
CIA showed significant co-structure between the RNA-seq and QuantSeq 
datasets (RV = 0.445, Monte Carlo test p = 0.001), indicating that both 
approaches captured at least part of the same biologically relevant dif
ferences between the samples (Table S13, ESM1). 

3.4. Identification of differentially expressed genes in brain during 
peripheral inflammation 

We used the QuantSeq approach to identify also suitable neuro
inflammatory markers in the zebra finch. Our analysis of DGE in the 
hyperpallial region of brain in the full dataset of 24 individuals identi
fied seven consistently represented DEGs, out of which 6 genes were up 
regulated (Table S14, the gene interaction network is shown in Fig. S6). 
The up-regulated genes refer to pathways involved in antibacterial hu
moral response (AVD-like), cellular response to interleukin-1 (ACOD1), 
inflammatory response (EX-FABP-like), clustering of voltage-gated so
dium channels (GLDN), iron ion transport (FTH1) and positive regula
tion of Notch signalling pathway (BMP2K; Fig. 4). The single down- 
regulated gene is MIR29B2, which is a miRNA with unknown function 
in birds. AVD-like and ACOD1 were then selected as our putative neu
roinflammatory markers. CIA showed significant co-structure between 
the brain and skin QuantSeq datasets (RV = 0.33, Monte Carlo test p =
0.001; Table S15). 

3.5. Validation of the QuantSeq-identified DEGs in skin and brain using 
RT-qPCR 

To verify the accuracy of the QuantSeq estimates of gene expression 
changes during inflammation in the zebra finch, 5 selected DEGs (IL1B, 
AvBD10, AVD-like, CXCLi1 and CXCLi2) identified in either skin or brain 
were targeted by the RT-qPCR (details on the RT-qPCR results are pro
vided in Table S16). Unfortunately, we were unable to develop a func
tional RT-qPCR for ACOD1 where we experienced non-specificities in 
amplified products (Table S5 and Table S6 in ESM1). In skin, we found 
that expression of all the 5 remaining genes was significantly up- 
regulated, consistently with our QuantSeq results (Table S12). Inter
estingly, this trend was not captured by the RNA-seq, which showed no 
significant difference in the expression of these genes in skin (Fig. 5). 
The expression of several of these selected genes in skin, as revealed by 
the RT-qPCR, was intercorrelated, but did not correlate with the 
metrical measurement of the skin swelling (Table S17). Also the PCA 
analysis of the RT-qPCR gene expression data in skin showed that all the 
tested genes consistently followed the same trend of activation (PC1 
explained 61.8% of the variation, PC2 explained 20.9% of the variation; 
Fig. S7). In the brain, the PCA showed two gene clusters, one formed by 
AvBD10 and CXCLi1 and the other one by IL1B, AVD-LIKE and CXCLi2 
(PC1 explained 66.9% variability, PC2 explained 18.5% of the variation; 
Fig. S7). The correlation matrices for IL1B, AVD-LIKE, AvBD10, CXCLi1 
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and CXCLi2 showing the RT-qPCR-detected gene expression trends for 
brain and skin are provided in the supplementary files (Table S18 and 
Table S19 in ESM1, and Fig. S8 and Fig. S9 in ESM2). None of the 
cytokine genes serving as peripheral inflammatory markers (IL1B, 
CXCLi1 and CXCLi2) was in the brain differentially expressed between 
the treatments and the controls (in all cases p > 0.100). This result was 
again consistent with the QuantSeq results. In contrast, AVD-like gene 
expression up-regulation was detected by RT-qPCR in the brain, vali
dating the QuantSeq results (Fig. 5; rest of the figures are provided in 
Fig. S10 and Fig. S11 in ESM2). Furthermore, we found increased 
expression of AvBD10 gene in the brain of the LPS-stimulated in
dividuals, which was not captured by the QuantSeq transcriptomics. For 
all the selected genes in skin (AVD-like: r = 0.751, p « 0.001; AvBD10: r 
= 0.758, p « 0.001; CXCLi1: r = 0.797, p « 0.001; CXCLi2: r = 0.621, p =
0.001; IL1B: r = 0.489, p = 0.015) and for AVD-like in brain (r = 0.581, p 
< 0.003) we found strong correlations between the QuantSeq and RT- 
qPCR data (for AVD-like shown in Fig. 5, for the other four genes 
expressed in skin and brain see Figs. S12 and S13 in ESM2). Our results 
indicate that within comparable expense limits, the QuantSeq method 
showed improved sensitivity over to the traditional RNA-seq to the 
changes in expression of the immune genes. 

4. Discussion 

Diverse transcriptomic methods are now available to analyse varia
tion in gene expression, but not all are equally suitable for all types of 
datasets. Our initial attempts to describe the gene expression patterns 
during local and systemic immune response to LPS using RNA-seq in 12 

Fig. 2. The most significant up-regulated pathways revealed in the four transcriptomic analyses of the skin peripheral response to bacterial lipopolysaccharide (LPS) 
in the zebra finch. Two approaches (RS = RNA-seq and QS = QuantSeq) were adopted to reveal the differential gene expression between skin samples obtained from 
control patagium tissue in control individuals (cc), control patagium tissue in treatment individuals (ct) and treatment patagium tissue in treatment individuals (tt), 
x-axis shows log2 fold change (FC), y-axis shows the most significant pathways. 

Fig. 3. Venn diagram showing the number of common differentially expressed 
genes between the four transcriptomic analyses of the skin peripheral response 
to bacterial lipopolysaccharide (LPS) in zebra finch. Two approaches (RS =
RNA-seq and QS = QuantSeq) were adopted to reveal the differential gene 
expression between skin samples obtained from control patagium tissue in 
control individuals (cc), control patagium tissue in treatment individuals (ct) 
and treatment patagium tissue in treatment individuals (tt). 

Fig. 4. The most significant up-regulated pathways revealed in the transcriptomic analysis of the brain response to peripheral stimulation with bacterial lipo
polysaccharide (LPS) in zebra finch. QuantSeq (QS) approach was adopted to reveal differential gene expression, x-axis shows log2 fold change (FC), y-axis shows the 
most significant pathways. 
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zebra finch individuals (6 control and 6 treatment birds) revealed much 
inconsistency to Scalf et al. (2019) regarding the immune gene expres
sion. Assuming that high inter-individual variation in our experimental 
zebra finch dataset could have contributed to this result, we opted 
another library preparation technique, the QuantSeq. Using the single 
3′end sequencing, the cost efficiency of this approach (per sample 1/5th 
of the RNA-seq price) allowed us to increase the sequenced tran
scriptomic dataset, consisting of skin and brain samples, to 24 in
dividuals (12 control and 12 treatment birds). Based on this approach 
we were able to identify candidate genes expressed in brain during pe
ripheral inflammation. Our RT-qPCR analysis in selected genes vali
dated the application of the QuantSeq method for identification of 
immune gene expression changes in the genetically heterogeneous do
mestic zebra finch model. 

Given the dynamics of the immune response, timing of the response 
measurement is an important parameter in characterisation of inflam
mation. In our study we selected the 24-h response period, because this 
timing is often adopted in studies aimed at investigation of the skin 
immune responsiveness in passerine birds, corresponding to the peak of 
the tissue swelling response (Vinkler et al., 2010). Our result evidence 
significant tissue swelling at 24 h after stimulation, which is assumed to 
reflect tissue infiltration with various leukocyte types (Martin et al., 
2006). Based on the understood molecular mechanism of the immune 
stimulation with LPS in the zebra finch (Vinkler et al., 2009), our 
experiment characterises gene expression changes during non-specific 
sterile inflammation activated in the skin through TLR4-mediated 
signalling. 

Consistent with results of other studies (Jarvis et al., 2020; Vo et al., 
2021), we show important differences between the DGE analysis results 
obtained through the RNA-seq and the QuantSeq approaches. While in 
the skin response the RNA-seq method identified more DEGs in total 
(371 genes compared to 265 genes identified by the QuantSeq method), 
this difference did not hold for the subset of the genes with available 
databased annotations, where QuantSeq provided more results (168 
genes compared to only 120 genes detected by the RNA-seq approach). 
The two approaches differ in the depth of sequencing, with the QuantSeq 
having higher coverage, but only in a much shorter part of the 
full-length transcript than RNA-seq. We assume that most of the unan
notated genes could be sequences of non-coding RNAs in which the 
function is typically not known in less frequently studied species. Thus, 
for the zebra finch population datasets, the QuantSeq approach appears 
as a more cost-effective approach to identify the gene expression 
changes associated with inflammatory response. Similar to our findings, 
previous research reported that RNA-seq identifies in general more 
DEGs, but QuantSeq can detect more transcripts with specific features, e. 
g. shorter genes (Ma et al., 2019) that often act in immunity as effector 
and signalling molecules (Vo et al., 2021). It is important to note that 
although we sequenced lower number of samples using the RNA-seq 
method than using QuantSeq, the number of samples analysed by 
RNA-seq was still comparable to many other transcriptomic experiments 
in model organisms, e.g. in laboratory rodents (Liu et al., 2021; Söllner 
et al., 2017). However, the domestic zebra finch population is geneti
cally more heterogenous than the common laboratory models (For
stmeier et al., 2007; Gasch et al., 2016), which can affect the levels of 

Fig. 5. Expression changes in the AVD-like gene estimated through (A) RNA-seq (RS1), (B) RT-qPCR, (C) QuantSeq approaches in the skin samples of controls (CC) 
and treatment individuals (TT) with peripheral response stimulated with bacterial lipopolysaccharide (LPS) in zebra finch. (D) RT-qPCR and (E) QuantSeq show AVD- 
like gene expression in brain during this peripheral response. Correlation between the RT-qPCR and QuantSeq data on the AVD-like gene expression in skin, r = 0.751, 
p << 0.001 (F) and in brain, r = 0.581, p = 0.003 (G). 
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inter-individual variation in immune responsiveness and decrease 
power of the DGE analysis. Yet, the results of our CIA indicate that 
despite this issue, both the RNA-seq and QuantSeq approaches captured 
in the zebra finch biologically relevant variation between the samples 
analysed, documenting the relevance of those results that we were able 
to obtained. Comparisons of the local (ct vs. tt) and systemic response 
(cc vs. ct) using the RNA-seq generally showed pathways unrelated to 
immunity. Interestingly, in skin there were just 15 DEGs in common 
between the RNA-seq and QuantSeq results, out of which six genes only 
had defined gene names and functions. All the six shared genes were 
down-regulated in both RS1(cc-tt) and QS(cc-tt) and were mainly 
involved in movement physiology, suggesting changes in the physiology 
of subcutaneous muscles towards movement restrictions during the 
sickness phase, commonly observed during later stages of the acute 
response (Adelman et al., 2013; Deak et al., 2005; Sköld-Chiriac et al., 
2014). Similar results were described earlier in fish and mammals (Brant 
et al., 2019; Liu et al., 2022; Sousa et al., 2022). 

Importantly, the QuantSeq approach identified 56 genes involved in 
immune function whereas the RNA-seq only identified 12 immune genes 
as DEGs. Using the QuantSeq approach, we revealed in the skin up- 
regulation of key inflammation markers such as IL1B (Bent et al., 
2018; Kaneko et al., 2019) and CXCL8(IL8) (Bent et al., 2018; Bernhard 
et al., 2021; Lopez-Castejon and Brough, 2011; Shahzad et al., 2010), 
showing the ongoing acute inflammation in the periphery (Lopez-Cas
tejon and Brough, 2011). Our RT-qPCR results obtained from skin 
samples validate the QuantSeq results, but contradict the negative re
sults obtained from RNA-seq (all the five genes tested). 

Studies in rodents have shown that IL1B expressed in the periphery 
can activate both astrocytes and microglia in the brain, triggering neu
roinflammation (Shaftel et al., 2008). IL8 has a role in neutrophil acti
vation and chemotaxis within the CNS during inflammation. In human 
microglia IL8 levels increase in response to LPS (Ehrlich et al., 1998). 
IL1B also promotes the expression of avian β-defensins, which are 
important antimicrobial peptides (Hancock and Diamond, 2000; 
McDermott, 2004; Scott and Hancock, 2000). Especially AvBD10 has 
been reported in the brain tissues of many avian species (Li et al., 2015). 
Our RT-qPCR captured similar AvBD10 gene expression change in the 
brain that remained unidentified through the transcriptomics. 

Unlike previous research of zebra finch neuroinflammation per
formed during the early phase of activation (2 h; Scalf et al., 2019), our 
study focused at the response observed 24 h after the LPS injection, 
identifying the delayed changes in gene expression. This could be 
responsible for the difference in the DGE pattern observed. In brain, our 
QuantSeq analysis identified only seven DEGs, i.e. less DEGs than 
identified during the early response (Scalf et al., 2019). Such a 
time-dependent change in the gene expression pattern is known also 
from mammalian studies (Rankine et al., 2006; Terenina et al., 2017). 
Yet, among the up-regulated DEGs detected in the brain, all six, AVD-
LIKE, EX-FABP-like, ACOD1, GLDN, FTH1, BMP2K, are involved in im
mune response modulation, suggesting that expression of these genes 
could contribute to the regulation of neuroinflammation and related 
sickness physiology. Up-regulation of Avidin (AVD)-related genes is 
observed during inflammation and infections in chickens (Korpela et al., 
1982; Kunnas et al., 1993). AVD up-regulation can induce expression of 
a stress protein family of Fatty acid-binding proteins (FABPs) (Zerega 
et al., 2001), lipid chaperones having a roles also in neurodegenerative 
diseases (Guo et al., 2022) and regulation of neuroinflammation (So 
et al., 2022, p. 4). Similar to our results, in chickens EX-FABP expression 
increases after stimulation with LPS and IL6 (Cermelli et al., 2000), 
supporting the role of this gene in immunomodulation. Aconitate 
decarboxylase 1 (ACOD1, also known as immune responsive gene 1, 
IRG1) is a key regulator of immunometabolism during infection with 
important anti-inflammatory effects (Wu et al., 2022). In mice, both 
viral (Mills et al., 2018) and bacterial (Ganta et al., 2017; Shi et al., 
2005) pathogens importantly enhance the expression of ACOD1, espe
cially in microglia (Kanthasamy and Rangaraju, 2020). FTH1 is known 

to be involved in macrophage activation, as evidenced by stimulation 
with LPS (Mesquita et al., 2020). Transcriptomics in mice microglial 
cells showed up-regulation of FTH1 expression in late neurodegenera
tive diseases (Hunter et al., 2021). The associations of the remaining two 
DGEs with immunity are less direct, but previous studies showed 
elevated expression of bone morphogenetic protein 2 inducible kinase 
(BMP2K) during prolonged inflammation (Vance, 2014) and gliomedin 
(GLDN) is associated with profound macrophage infiltration into 
wounds and may be involved in the healing process (Etich et al., 2019). 

To conclude, our results provide evidence for transcriptomic changes 
induced in the periphery (skin) by a local and systemic stimulation of 
inflammation, affecting gene expression regulation in the brain. These 
results on the late response complete the previously published evidence 
on early phases of the neuroimmune response to peripheral inflamma
tion in the songbird model (Scalf et al., 2019). Twenty-four hours after 
stimulation the pro-inflammatory regulation is detectable in the pe
riphery but has only very modest effects on the gene expression in zebra 
finch brain. Here the signalling is mostly anti-inflammatory, including 
up-regulated expression of genes involved in resolving the acute neu
roinflammation. Further studies are required to bring understanding to 
the precise timing of the shift between neuroinflammatory and 
anti-inflammatory regulation and specific roles of individual genes and 
related pathways in this process, similar to the time scale experiments in 
rodent (Borniger et al., 2017; Lesur et al., 2010; Seok et al., 2013). 
Comparative research is key to reveal the basic principles of the 
neuro-immune interplay regulation. Our study including also the 
RT-qPCR validation indicates that specific cost-effective alternatives to 
the classical RNA-seq, such as the QuantSeq, can promote this 
demanding investigation in non-model, genetically heterogenous spe
cies, facilitating identification of key markers of peripheral inflamma
tion and neuroinflammation applicable across species. 
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Data availability 

Data will be made available on request. 

N. Kuttiyarthu Veetil et al.                                                                                                                                                                                                                    



Developmental and Comparative Immunology 151 (2024) 105106

9

Acknowledgements 

This study was supported by Grant Schemes at Charles University 
(grant nos. GAUK 646119, PRIMUS/17/SCI/12, and START/SCI/113 
with reg. no. CZ.02.2.69/0.0/0.0/19_073/0016935) and the Czech 
Science Foundation Grant No. P502/19-20152Y. The research visit of 
NKV to Wageningen University was supported by the Short-Term Sci
entific Mission programme of the European Cooperation in Science and 
Technology (COST) Action CA15112 (FAANG-Europe) and INTER-COST 
grant No. LTC18060 provided by the Ministry of Education, Youth and 
Sports of the Czech Republic. Computational resources were provided by 
the Wageningen University and data storage facility by the Czech Edu
cation and Scientific NETwork CESNET; project e-INFRA CZ LM2018140 
supported by the Ministry of Education, Youth and Sports of the Czech 
Republic). We are also grateful to Martin Kocourek and Pavel Němec for 
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Medina, E., Sánchez-Guzmán, J.M., 2015. Secondary phytohaemagglutinin (PHA) 
swelling response is a good indicator of T-cell-mediated immunity in free-living 
birds. Ibis 157, 767–773. 

Satam, H., Joshi, K., Mangrolia, U., Waghoo, S., Zaidi, G., Rawool, S., Thakare, R.P., 
Banday, S., Mishra, A.K., Das, G., 2023. Next-generation sequencing technology: 
current trends and advancements. Biology 12, 997. 

Scalf, C.S., Chariker, J.H., Rouchka, E.C., Ashley, N.T., 2019. Transcriptomic analysis of 
immune response to bacterial lipopolysaccharide in zebra finch (Taeniopygia guttata). 
BMC Genom. 20, 647. https://doi.org/10.1186/s12864-019-6016-3. 

Scott, M.G., Hancock, R.E., 2000. Cationic antimicrobial peptides and their 
multifunctional role in the immune system. Crit. Rev. Immunol. 20, 407–31.  

Seal, S., Dharmarajan, G., Khan, I., 2021. Evolution of pathogen tolerance and emerging 
infections: a missing experimental paradigm. Elife 10, e68874. https://doi.org/ 
10.7554/eLife.68874. 

Seok, J., Warren, H.S., Cuenca, A.G., Mindrinos, M.N., Baker, H.V., Xu, W., Richards, D. 
R., McDonald-Smith, G.P., Gao, H., Hennessy, L., 2013. Genomic responses in mouse 
models poorly mimic human inflammatory diseases. Proc. Natl. Acad. Sci. USA 110, 
3507–3512. 

Shaftel, S.S., Griffin, W.S.T., O’Banion, M.K., 2008. The role of interleukin-1 in 
neuroinflammation and Alzheimer disease: an evolving perspective. 
J. Neuroinflammation 5, 7. https://doi.org/10.1186/1742-2094-5-7. 

Shahzad, A., Knapp, M., Lang, I., Köhler, G., 2010. Interleukin 8 (IL-8)-a universal 
biomarker? Int. Arch. Med. 3, 1–4. 

Shi, S., Blumenthal, A., Hickey, C.M., Gandotra, S., Levy, D., Ehrt, S., 2005. Expression of 
many immunologically important genes in Mycobacterium tuberculosis-infected 
macrophages is independent of both TLR2 and TLR4 but dependent on IFN-αβ 
receptor and STAT11. J. Immunol. 175, 3318–3328. https://doi.org/10.4049/ 
jimmunol.175.5.3318. 
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