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Abstract. RNA sequencing (RNA-seq) is a highly sensitive method for transcriptome analysis that allows simultaneous
assessment of expression of thousands of genes and identification of expression patterns under various conditions. The
existing variety of RNA-seq data formats, normalization methods, and approaches to statistical processing of results
complicates comparison of data from different studies and reduces reproducibility of the analysis. This study presents
an automated pipeline PipeSeq that combines standard steps of RNA-seq data processing: loading (SRA Toolkit), read
alignment to the reference genome (HISAT2), transcript assembly (StringTie), transcript counting (FeatureCounts)
and statistical analysis of differential gene expression under various experimental conditions (DESeq?2). PipeSeq has
a simple visual interface, supports multithreading, and generates ready-to-analyze gene expression heat maps, tables
and graphs. The functionality of the pipeline is demonstrated on three sets of raw RNA-seq data from the green alga
Chlamydomonas reinhardtii cells available in the NCBI SRA database. The data from these experiments were used to
analyze the differential expression of C. reinhardtii genes encoding the GATA family transcription factors under different
light cultivation conditions. The data obtained by in silico methods were verified by real-time reverse transcription
polymerase chain reaction (RT-qPCR) for 12 GATA genes, which allowed us to hypothesize their functions and evaluate
the correlation between the bulk (RNA-seq) and targeted (RT-qPCR) approaches. Our results showed that RNA-seq and
RT-gPCR methods reveal similar directions of gene expression changes, but demonstrate differences in the effect size
and sensitivity, which emphasizes the need for a combined use of the two approaches. Thus, the PipeSeq program is
a tool for conducting a full cycle of bioinformatic analysis of RNA-seq data, additionally providing the opportunity to
process RT-qPCR data and perform a comparative statistical analysis of the results obtained.
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AHHoTauusA. CekBeHnpoBaHue PHK (PHK-ceK) — BbICOKOUYBCTBUTENbHBIN METOZ aHasv3a TPaHCKPUMTOMA, NO3BONAI0-
LM ORHOBPEMEHHO OL|eHVBaTb SKCMNPECCUIO ThICAY FeHOB 1 BbIABNATb NAaTTEPHbI SKCNPECCMU B Pa3fINYHbIX YCIIOBUSAX.
CywecTBylolee pasHoobpasme ¢popmaToB AaHHbIX PHK-cek, MeTofoB HopManmsauum 1 NOAXOA0B K CTaTUCTUYECKON
06paboTKe pe3ynbTaToB 3aTPYAHAET COMOCTaBEHNE AAHHBIX Pa3HbIX NCCIIEAOBAHUI 1 CHVXKAeT BOCMPOV3BOANMOCTb
aHanu3a. B HacToAwen paboTe NpeacTaBneH aBTOMaTU3MPOBaHHbIV NalnnaliH PipeSeq, o6beanHAWMNA CTaHAAPTHbIE
STanbl 06paboTky fdaHHbix PHK-cek — oT 3arpysku (SRA Toolkit), BblpaBHMBaHUA MPOUTEHWU Ha pedepeHCHbI
reHom (HISAT2) n cbopku TpaHckpuntoB (StringTie) oo noacyeTa TpaHcKpunTtoB (FeatureCounts) U CTaTUCTUYECKOTO
aHanusa anddepeHLmanbHOM SKCNPeCccMmn reHoB B PasfMyHbIX dKCNeprMeHTasbHbIX ycnosuax (DESeq?2). Mporpamma
PipeSeq umeet npocTtoii BM3yanbHbIn NHTepdeNnc, Nofaep>KnBaeT MHOTOMOTOUYHOCTb U GOPMUPYeT roToBble ANA
aHan13a TenoBble KapTbl SIKCMPECCHMN FEHOB 1 OTUETbl B dopMe Tabnu, 1 rpadrkos. OYHKLMOHANbHOCTb NarnianHa
NPOAEMOHCTPUPOBaHa Ha Tpex Habopax NakeToB CbIpbiX AaHHbIX ceKBeHUpoBaHUA PHK KneTok 3eneHoi Bogopocin
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Development and validation of the PipeSeq program
for RNA-seq data analysis in the C. reinhardtii as a model

Chlamydomonas reinhardtii, pocTynHbIXx B OTKpbITON 6a3e AaHHbix NCBI SRA. Pe3ynbtaTbl 3TUX 3KCMEPUMEHTOB
6bIN MCMoNb30BaHbl ANA aHanu3a anddepeHumanbHon skcnpeccumn reHoB C. reinhardtii, kopmpyowmx dakTopbl
TpaHckpunuun cemeiictBa GATA, B pas/iMyHbIX CBETOBbIX YCNIOBMAX KyNbTUBMPOBaHUA. [osyyeHHble meTopamu
in silico jaHHble BepUdULMPOBAHbI METOAOM MOMMMEPA3HON LEMHOW peakumn B peasbHOM BPeMeHU C 0bpaTHOW
TpaHckpunuvein (OT-MLUP-PB) no 12 reHam GATA, uTO MO3BONWIO BbIABMHYTb MPEAMNonioxeHnsa o6 mnx GyHKUMAX,
a TaKkXKe OLEeHWTb CTeneHb COrnacoBaHHOCTU Mexay maccoBbiM (PHK-cek) u TapretHbim (OT-TLIP-PB) nogxopgamu.
Pe3ynbTtaTthl Halero MCcCneaoBaHMA NokKasanu, Yto metofbl cekseHnpoBaHua PHK 1 OT-TILIP-PB BbisBnAOT cxoxme
HanpaBneHNa N3MEHeHNA SKCMPEeCcMn FeHOB, HO AEMOHCTPUPYIOT PasfinymA Mo OLeHKe cTerneHn pa3mepa s¢dekTa n
YYBCTBUTENbHOCTM, YUTO MNOJYEPKMBAET HEOOXOANMOCTb COBMECTHOTO NPUMeHeHNA ABYX NOAxofoB. Taknum obpasom,
nporpamma PipeSeq npepactaBnseT coboil MHCTPYMEHT AfiA NMPOBELEHUS MOJIHOrO LMKna 6MoMHGOPMATNYECKOro
aHanusa JaHHbix PHK-cek, faeT BO3MOXHOCTb 06pabatbiBaTh AaHHble OT-MLP-PB 1 BbINOMHATL CPaBHUTENbHbIN
CTaTUCTUYECKMIA aHANN3 MONYYEHHbIX Pe3yNibTaToB.

KntoueBble cnosa: cekBeHnpoaHue PHK; PHK-cek; OT-TLIP-PB; nannaiH; TpaHCKPMNTOM; 3KCNpPeCccus reHoB; GakTopbl

TpaHckpunuun cemenctaa GATA; OT GATA; Chlamydomonas reinhardtii

Introduction

In recent years, RNA sequencing (RNA-seq) has become
widely adopted as a reliable approach for large-scale quan-
titative analysis of gene expression across diverse biological
systems (Marioni et al., 2008; Mortazavi et al., 2008; Conesa
etal., 2016; Li X., Wang, 2021). Due to the “digital” nature of
the data, RNA-seq enables direct calculation of the number of
reads for each transcript, providing a wide dynamic measure-
ment range and high reproducibility of experimental results.
In addition, this method makes it possible to detect previously
unannotated transcripts and alternative splicing variants (\Wang
etal., 2009; Li X., Wang, 2021). These features establish RNA
sequencing as a powerful tool for systems-level studies of the
transcriptome, enabling reliable quantification of transcript
levels under various experimental conditions and identifica-
tion of differential gene expression in the study object (Wang
et al., 2009).

The processing, accumulation and consolidation of these
data can contribute to obtaining novel insights into the func-
tioning of living systems. To implement this approach, it is
essential to address the challenge of standardizing the process-
ing of raw RNA-seq data (Conesa et al., 2016; Li X., Wang,
2021). Currently, outdated normalization methods are still
employed for gene expression assessment. These methods are
characterized by low reproducibility, fail to adequately cor-
rect for compositional biases, and hinder direct comparison
of results across independent studies. Such methods include:
RPKM (Reads Per Kilobase per Million mapped reads), FPKM
(Fragments Per Kilobase of exon model per Million mapped
fragments), and TPM (Transcripts Per Million). At present,
methods based on the negative binomial distribution — DESeq?2
and edgeR — are considered the standard for differential gene
expression analysis. Normalized counts generated by DESeq2
have demonstrated the lowest coefficient of variation and high-
est reproducibility (Zhao S. et al., 2020; Zhao Y. et al., 2021,
Elahimanesh, Najafi, 2024).

The existing diversity of RNA-seq data processing meth-
ods, formats, and representation approaches across various
databases complicates the consolidation of information for
comprehensive analysis. To address this issue, there is a need
to develop integrated solutions capable of minimizing manual

labor, ensuring a high degree of reproducibility of results and
ease of use for biologists without special training in informa-
tion technology (Conesa et al., 2016).

Comparative analysis of RNA-seq data processing results
and molecular biology data is complicated by several meth-
odological challenges. Although RNA sequencing is recog-
nized as a reliable method for global expression profiling, the
results obtained through this technique typically represent
relative changes in transcript levels across the entire genome.
Historically, reverse transcription quantitative polymerase
chain reaction (RT-qPCR) has been established as the “gold
standard” for validating data derived from transcriptomic
studies (Derveaux et al., 2010; Coenye, 2021). However,
RT-gPCR-based methods and RNA sequencing technology
rely on different protocols, which complicates their direct
quantitative comparison. Several factors can influence the
obtained results, including: efficiency of reverse transcription
and amplification processes, data normalization methods,
sensitivity of the techniques employed.

Currently, RNA-seq is utilized to cover the entire transcrip-
tome of the study object and identify a set of differentially
expressed candidate genes in response to a specific stimulus.
In contrast, RT-gPCR is applied for precise quantitative as-
sessment of these changes, specifically targeting a limited pool
of genes of interest (Shi, He, 2014; He et al., 2015; Coenye,
2021).

To understand the mechanisms of metabolic regulation,
special attention is devoted to the study of transcription fac-
tors (TFs) as key regulators of gene activity. TFs are proteins
capable of binding to specific DNA sequences in promoter
regions, thereby enhancing or repressing the transcription
of target genes. These regulators coordinate gene activity
in response to various environmental changes and signaling
influences, participating in global processes such as growth,
development, and adaptation to stress factors (Riechmann et
al., 2000).

In photosynthetic organisms, genes encoding GATA family
transcription factors are of particular interest. GATA TFs are
proteins that carry a conserved zinc finger domain of type IV
(general formula: CX,CX;5_20CX,C). This domain mediates
binding to the consensus sequence (A/T)GATA(A/G) in the
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promoters of target genes (Reyes et al., 2004). Plant GATA

factors are involved in the regulation of photomorphogen-

esis, nitrogen and carbon metabolism, and hormonal control

(Manfield et al., 2007; Naito et al., 2007; Luo et al., 2010;

Schwechheimer et al., 2022; Schroder et al., 2023; Ren et al.,

2025). In recent years, there has been a significant increase

in scientific interest in studying GATA TFs in bryophytes and

algae, as their biological functions and evolutionary roles
remain insufficiently characterized (Schwechheimer et al.,

2022; Virolainen, Chekunova, 2024).

The aim of the present study is to develop an integrated solu-
tion for standardizing the processing of raw RNA sequencing
data and RT-gPCR results.

To achieve this goal, the following objectives must be ad-
dressed.

1. Developing an automated pipeline for conducting a full
cycle of RNA-seq data analysis.

2. Testing the pipeline on raw RNA-seq data publicly avail-
able in the NCBI SRA database, using as a model the genes
encoding GATA family TFs in a model object of photosyn-
thesis genetics, the green alga Chlamydomonas reinhardtii,
in response to changes in light growing conditions.

3. Conducting an analysis of GATA gene expression in C. rein-
hardtii using the RT-gPCR method in response to changes
in light conditions during growth.

4. Performing a comparative statistical analysis of the obtained
RNA-seq and RT-qPCR data.

Materials and methods

Quantitative analysis of gene expression using the PipeSeq
program. To analyze the expression profile of 12 genes encod-
ing GATATFs in C. reinhardtii under various cultivation con-
ditions by in silico methods, the following publicly available
raw RNA-seq data packages were selected from the NCBI SRA
database (Wheeler et al., 2005): SRX8380269, SRX8380270,
SRX8380271 (acclimation to high light, 600 umol/m?/s, 1 h),
SRX7413406, SRX7413407, SRX7413412, SRX7413413,
SRX7413414, SRX7413415 (acclimation to light, 30 min),
SRX5120530, SRX5120531, SRX5120532, SRX5120533,
SRX5120534, SRX5120535 (acclimation to darkness).

The three selected datasets (PRINA634446, PRINAS596622,
PRINA509798) include both experimental (altered growth
conditions) and control (standard growth conditions) RNA-seq
data for the wild-type strain CC-124 (wt, mt-) of C. reinhardtii
performed in triplicate biological and technical replicates. For
read alignment, the C. reinhardtii genome assembly (v5.6)
(Merchant et al., 2007) and its annotation in GTF format
were downloaded from the Phytozome portal (Goodstein et
al., 2012).

Data upload and processing were carried out using Pipe-
Seq, an automated software package consisting of 17 scripts
and more than 2,000 lines of code. The tool is designed for
system analysis of transcriptomic data obtained via RNA-seq,
processing of RT-qPCR data using the AACt method (Livak,
Schmittgen, 2001; Schmittgen, Livak, 2008), and comparative
analysis of results (including calculation of Pearson, Spear-
man, and Kendall correlation coefficients). The program was
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developed in Python (version 3.9) using Pandas (McKinney,
2011), Matplotlib (Hunter, 2007), PyQt6 (https://www.river
bankcomputing.com/software/pyqt/), PyDESeq2 (Muzellec
et al., 2023) libraries, and bioinformatics tools SRA Toolkit,
FastQC (https://www.bioinformatics.babraham.ac.uk/projects/
fastqc/), MultiQC (Ewels et al., 2016), Cutadapt (Martin,
2011), HISAT2 (Kim et al., 2019), SAMtools (Li H. et al.,
2009), FeatureCounts (Liao et al., 2014), StringTie (Pertea et
al., 2015), DESeq2 (Love et al., 2014).

Strains and cultivation conditions. The wild-type strain
CC-124 (wt, mt-) of C. reinhardtii from the Peterhof Genetic
Collection at St. Petersburg State University (Kvitko et al.,
1983) was grown in Petri dishes on agarized TAP medium
(1.5 %) (Harris, 1989), supplemented with arginine (50 mg
per liter of medium) and yeast autolysate (4 g per liter of
medium) at a temperature of 20-25 °C with a day (14 h, illu-
mination 90 pmol/m?/s) / night (10 h) cycle and subculturing
every three days. Culture samples were grown and collected
under standard illumination conditions (90 umol/m?/s) and
darkness (control conditions), under conditions of increased
illumination (high light, 215 umol/m4/s) for 30 min and 2 h
(transfer of cultures from standard conditions), under condi-
tions of standard illumination for 30 min and 2 h (transfer of
cultures from darkness), under darkness for 30 min and 2 h
(transfer of cultures from standard conditions) (experimental
conditions).

Culture fixation and RNA isolation. Fixation of C. rein-
hardtii cell cultures grown under control and experimental
conditions and total RNA isolation was performed using
the “ExtractRNA” reagent (Evrogen, Russia) in strict accor-
dance with the manufacturer’s protocol. RNA preparations
were treated with DNase I (Thermo Fisher Scientific, USA)
to remove genomic DNA contamination, and subsequently
ethanol-precipitated. The concentration of total RNA was
measured using an Eppendorf BioPhotometer plus spectro-
photometer (Eppendorf, Germany).

Primer design. Gene-specific primers were designed using
the IDT PrimerQuest Tool (https://www.idtdna.com/pages/
tools/primerquest) and NCBI Primer-BLAST (https://www.
nchi.nlm.nih.gov/tools/primer-blast/). Primer design criteria
included positioning of at least one primer at an exon-exon
junction, or ensuring that an intron sequence was located
between primer binding sites. The constitutively expressed
genes RPL19 (ribosomal protein L19) and RPL32 (ribosomal
protein L32) of C. reinhardtii were used as reference genes
for data normalization (Liu et al., 2012). The RBCS (Ribulose
bisphosphate carboxylase small subunit) gene of C. reinhardtii
was used as experimental condition change control (Sanchez-
Tarre, Kiparissides, 2021). Primer sequences are listed in
the Table.

Primer specificity assessment included melting curve
analysis across a series of controls (no-template control,
no-reverse-transcription control, positive control) and visu-
alization of PCR products via gel electrophoresis (Derveaux
etal.,2010). PCR efficiency was evaluated using the software
of the QuantStudio 5 real-time PCR system (Thermo Fisher
Scientific, USA).
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Primer sequences for quantitative analysis of GATA gene expression

Gene |dentifier Primer Sequence (5'-3")
GATA-1 Cre01.9025050 F GTTGTTTGGCGACCTCTTTGTG

R GATCAGCGGCGGCTATGTC
GATA-2 Cre10.9435450 F ACTACGACGAGCGGGAAGA

R GCCTTCTTCGCCATGTACTCC
GATA-3 Cre08.9378800 F GAGCTGGACGGGAACGAAAC

R GTGCGGTGCCGAGTAGTTT
GATA-4 Cre11.9467581 F GATCCTATCACCACCAAGGTTGC

R CCATGCCGCCCATGTTCA
GATA-5 Cre03.9160600 F TCACGGGACGACGACATCA

R CGGGTGAAGAATATGCCACAGG
GATA-6 Cre03.9160700 F GAAAAGGCAGGACAAGTCCAAG

R TGTGAGGCGGGATGAAGAT
GATA-7 Cre05.9242600 F AGGAGCAGCAGCAGCAATC

R CTGGTTAGTGCGGCGGTATC
GATA-8 Cre06.9266850 F TGTGCAACGCATGTGGGATA

R CGGTCTTGGCTGACACATAGTT
GATA-9 Cre06.9266950 F ACATCAGCGGCTGCGATAAT

R CGCCTGAGCCACTTTCGG
GATA-10 Cre07.9319701 F TCCGCTGCTGCGTAGAGT

R GCAAAGACATCCTCGTCGGC
GATA-11 Cre08.9358532 F TCAGCAACAGCCCTCACTTC

R CGCTCAAACCACTTGACCTCTAT
GATA-12 Cre08.9358534 F TGTCAAGTGTTTCCACGACAAGA

R GCACCAGAACCACTCGCA
RPL32 Cre06.9289550 F CCCAACGGCTTCCTGAAGTA

R AAGCGACGGTTGTGCATCAT
RPL19 Cre02.9075700 F CCTGAAGAAGTACCGCGACTC

R AACACGTTACCCTTGACCTTCA
RBCS Cre02.9120150 F ACCCCGGTCAACAACAAGATG

R GTCGTAGTACAGGCAAGACACG

Reference

The present study

Liuetal., 2012

Sanchez-Tarre, Kiparissides, 2021

Quantitative analysis of gene expression by RT-qPCR.
RT-gqPCR reactions were performed in a one-step format using
the “OneTube RT-PCR SYBR” reagent kit (Evrogen, Russia),
strictly following the manufacturer’s instructions. Amplifica-
tion was carried out on a QuantStudio 5 real-time PCR system
(Thermo Fisher Scientific, USA), with fluorescence reading
during the elongation and melting steps. The thermal cycling
protocol was as follows: 55 °C — 15 min, 95 °C — 1 min,
then 50 cycles: 95 °C — 155, 62 °C — 20 s, 72 °C — 20 s,

melting: 55-95 °C with 0.5 °C increments. Each sample was
analyzed in triplicate biological replicates (averaged) (Der-
veaux et al., 2010). Data processing and visualization were
performed using the AACt method (Livak, Schmittgen,
2001; Schmittgen, Livak, 2008) in the developed PipeSeq
program.

Comparative analysis of RNA-seq and RT-qPCR results.
A comparative statistical analysis of the data obtained by dif-
ferent methods was carried out in the PipeSeq program.
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Fig. 1. Workflow diagram of the PipeSeq program.

Results

PipeSeq pipeline development

The aim of this work was to develop such a tool (pipeline)
that would enable a full cycle of RNA-seq data analysis via a
simple visual interface, requiring minimal user involvement
in system administration. The pipeline is designed to run in a
local Windows environment using the Windows Subsystem
for Linux (WSL) to execute Linux commands. The workflow
of the PipeSeq program is presented in Figure 1.

All steps of the algorithm are fully automated and allow
processing large amounts of data through optimized com-
mands and parallel computing. The input data are FASTQ
files containing raw short sequencing reads obtained after
conversion from the SRA format using the SRA Toolkit in-
cluded in the software package. At the initial stage, automated
preprocessing of reads is performed, which includes quality
control (FastQC), removal of adapter sequences, low-quality
nucleotides, and short reads (Cutadapt), aggregation of sum-
mary reports (MultiQC). Next, the reads are aligned to the
reference genome using the HISAT?2 tool (Kim et al., 2019),
with the reference genome index being automatically created
if it is absent. The advantages of HISAT2 include splicing
consideration, accurate determination of transcript structure,
and rapid analysis of alignment quality. After alignment, files
are converted from the SAM format to the BAM format,
sorted, and prepared for further analysis using the SAMtools
(Li H. etal., 2009).

The developed PipeSeq program integrates three normaliza-
tion approaches: DESeq?2 (for differential expression analysis),
TPM (absolute quantification), and FPKM (an outdated metric
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included to ensure backward compatibility). At this stage,
quantitative assessment of gene expression is performed by
counting the number of reads mapping to genes and transcripts
using the FeatureCounts package (Liao et al., 2014), as well
as transcript assembly and calculation of FPKM and TPM
values using the StringTie tool (Pertea et al., 2015). This tool
analyzes read alignments, builds transcripts, and identifies
exons, introns, and splice sites. The PipeSeq program provides
the ability to disable the function of assembling new transcripts
to minimize the likelihood of false results. These steps are
performed considering various modes, such as strict annota-
tion (the “-e” option in StringTie) and adjustable sensitivity
(the “-c” parameter).

A package based on the negative binomial distribution,
DESeq2 (Love et al., 2014), implemented in the PyDESeq2
library (Muzellec et al., 2023), is used for statistical analysis
of differential gene expression. The PipeSeq pipeline automati-
cally prepares input data for DESeq2, performs statistical cal-
culations, and generates final tables with logarithmic changes
in expression levels (log,FoldChange) and corresponding
values of the adjusted p-value — FDR (False Discovery Rate)
using the Benjamini—-Hochberg procedure. Statistical hypoth-
eses about differential gene expression are tested based on a
generalized linear model of the negative binomial distribution.
After normalization for data counting and variance estimation
(followed by averaging variance estimates across all genes
using Bayesian shrinkage), the Wald test is applied.

The program also implements the possibility of processing
RT-gqPCR data using the AACt method (Livak, Schmittgen,
2001; Schmittgen, Livak, 2008) and conducting comparative
statistical analysis with the three data normalization methods

BbICOKOMNPOW3BOAUTE/IbHOE CEKBEHWPOBAHUE / HIGH-THROUGHPUT SEQUENCING 303



A.M. Nerezenko, PA. Virolainen
S.A. Tupitsyna, E.M. Chekunova

used in RNA-seq (Pearson’s linear correlation coefficient,
Spearman’s rank correlation coefficient, and Kendall’s rank
correlation coefficient).

As output, the PipeSeq program generates heatmaps of ex-
pression reflecting changes in the expression levels of genes
of interest under different experimental conditions, summary
tables with log,FoldChange values, and graphs. A wide range
of data display settings is available to the user. The program
is available for download at the following link: https://github.
com/MarvinMarss/PipeSeq.

Processing of available RNA sequencing data

of C. reinhardstii cells using the PipeSeq pipeline

Using the developed program, we analyzed three available
RNA-seq datasets of C. reinhardtii wild-type strain CC-124
(wt, mt-) cells under various light conditions: acclimation to
high light (600 pmol/m?2/s) for 1 h, acclimation to light for
30 min, and acclimation to darkness. The generated heatmap
demonstrates the complex dynamics of gene expression for
GATATFs in response to changes in light conditions (Fig. 2).
Most of the obtained values of logarithmic change in gene
expression levels were statistically insignificant.

Under conditions of increased illumination, a significant
upregulation of the expression levels of the GATA-7, GATA-9,
GATA-10, GATA-11 genes is observed, whereas transcription of
the GATA-3, GATA-5, GATA-8 genes is repressed (statistically
significantly). It is likely that excessively high light intensity
has a negative impact on the viability of C. reinhardtii cells.

Under 30-minute light acclimation, a metabolic rearrange-
ment of the cells occurs, which is marked by a significant
increase in transcript levels of the GATA-3, GATA-5, GATA-6,
GATA-7, GATA-8 genes. In these conditions, the expression
of the GATA-2, GATA-4, GATA-10 genes is repressed (statisti-
cally significantly).

In the dark, there is a statistically significant suppres-
sion of the GATA-2, GATA-3, GATA-7, GATA-8, GATA-11,
GATA-12 genes expression, along with active expression of
the GATA-9 gene.

The publicly available datasets are characterized by limited
experimental conditions and poor characterization, as well as
a low level of reliability of changes. We decided to use the
RT-gPCR method to obtain comprehensive data on GATA gene
expression. Analysis of the RNA-seq data allowed us to select
reference genes with stable expression under varying light
conditions for our own experiments. The RPL19 and RPL32
genes encoding ribosomal proteins were discovered and then
confirmed by literature data (Liu et al., 2012). According to
published data (Sanchez-Tarre, Kiparissides, 2021), the expres-
sion of the RBCS gene varies depending on the light spectrum
and intensity. Therefore, we selected this gene as a control of
changes in experimental conditions.

Analysis of GATA gene expression

in C. reinhardtii using RT-qPCR

The results of GATA gene expression analysis in C. reinhardtii

obtained by the RT-qPCR method are presented in Figure 3.
The entire group of GATA genes responds to changes in light

conditions rapidly and in a coordinated manner. The strongest

Development and validation of the PipeSeq program
for RNA-seq data analysis in the C. reinhardtii as a model

response is observed during the first 30 min of exposure to high
light intensity (215 umol/m?/s) after transferring the culture
from standard conditions (90 pmol/m?/s): nearly all genes
show a multi-fold increase in expression levels in response to
the stress stimulus. Notably, significant activation of GATA-6
gene expression occurs only under these conditions. High light
intensifies the metabolism of C. reinhardtii cells, driving a uni-
fied shift in the expression profile of the studied genes. After
2 h of acclimation, stabilization is observed: the expression of
several genes (GATA-1, GATA-6, GATA-8, GATA-9, GATA-10,
GATA-11, GATA-12) decreases significantly, while the expres-
sion level of GATA-5 and GATA-7 increases.

During the first 30 min after transferring the culture from
darkness to light (90 umol/m?/s), cell metabolism undergoes
reprogramming. The transcription of the GATA-1 and GATA-3
genes is suppressed simultaneously with the activation of the
GATA-2, GATA-4, GATA-5, GATA-7, GATA-9, and GATA-10
genes. By 2 h of exposure, two profiles are formed that en-
sure the maintenance of growth and development processes
in optimal light conditions: (1) actively transcribed genes
(GATA-1, GATA-4, GATA-5, GATA-8, GATA-9, GATA-11,
GATA-12); (2) repressed genes (GATA-2, GATA-3, GATA-6,
GATA-7, GATA-10).

In the first 30 min after culture transfer from light (90 pmol/
m2/s) to darkness, the expression of all GATA genes, with the
exception of the GATA-7 gene, is suppressed. Apparently, its
product is involved in the metabolic switching processes of
C. reinhardtii cells during light/dark and dark/light transitions.
After 2 h, cell metabolism stabilizes with the identification
of three actively transcribed genes, apparently involved in
ensuring adaptation to darkness — GATA-1, GATA-3, GATA-9.

The identified dynamics of GATA gene expression align
with the standard model of stress response: a change in light
conditions triggers a broad emergency cascade (a rapid re-
sponse to the stimulus), while prolonged exposure narrows
the response down to specific regulatory modules. A unique
expression profile is observed under each cultivation condition,
with some of the GATA genes presumably acting as “switches”
between the light and dark metabolic programs.

Comparative analysis of the obtained results

A comparative analysis based on the results of RNA-seq
data processed with three normalization methods — FPKM,
TPM, DESeq2 - and RT-gPCR data processed using the
AACt method was conducted in the PipeSeq program. The
constructed correlation matrix allows us to evaluate the con-
cordance between data obtained by different methods and
approaches (Fig. 4).

Cross-platform consistency of the results is limited and
context-dependent. Despite methodological differences, repro-
ducible agreements include induction of the GATA-7, GATA-9,
GATA-10 and GATA-11 genes expression under high light
conditions, repression of GATA-2, GATA-11, and GATA-12 in
the dark and upregulation of GATA-9 expression in darkness.
Early repression of GATA-3, GATA-5, and GATA-8 under high
light observed at 1 h in RNA-seq data appeared to be inverted
in RT-gPCR results at the 2 h time point. This pattern is con-
sistent with a potential phase shift in the cellular response;
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Fig. 2. Heatmap of transcript-level expression for 12 genes encoding GATA family transcription factors and three control
genes (RPL19, RPL32, RBCS) in C. reinhardtii under various acclimation conditions according to the RNA-seq data.

Genes are reflected from left to right, experimental conditions are shown from top to bottom: acclimation to high light for 1 h
(row 1), acclimation to light for 30 min (row 2), acclimation to darkness (row 3). Here and in Fig. 3: the cells are colored according to
log,FoldChange values, where positive values (green scale) indicate the induction of expression, negative values (blue scale) indicate
repression, and zero values (white color) signify no change in the expression level. The statistical significance of the changes was
assessed by adjusted p-values with a threshold of 0.05. The control transcripts were included to verify the quality of data normalization.
The images were created in the PipeSeq program.
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Fig. 3. Heatmap of gene expression (at the transcriptional level) for 12 genes encoding GATA family transcription factors
and the experimental condition change control gene (RBCS) in C. reinhardtii under various acclimation conditions, based
on RT-qPCR data.

The data are normalized to the reference gene pair RPL19-RPL32. Genes are reflected from left to right, experimental conditions are
shown from top to bottom: acclimation to high light for 2 h (row 1), for 30 min (row 2), acclimation to light for 2 h (row 3), for 30 min
(row 4), acclimation to darkness for 2 h (row 5), for 30 min (row 6).
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Fig. 4. Comparative statistical analysis of three RNA-seq normalization methods — FPKM, TPM, DESeq2 - and the AACt
method for RT-qPCR data.

a, A combined heatmap of Z-scores for log fold change in the expression (log,FoldChange) values of 12 genes encoding GATA family
transcription factors and the RBCS gene in C. reinhardtii presented for each combination of experimental conditions and normalization
method. Statistically significant changes (FDR < 0.05) are marked with an asterisk. b, Bland—Altman plots, correlation scatterplots, and a
matrix of statistically significant (FDR < 0.05) log,FoldChange estimates across the compared normalization methods. Color reflects the
Pearson correlation coefficient (r), where the red scale indicates positive correlation, and the blue scale indicates negative correlation.
The images were created in the PipeSeq program.
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however, confirmation requires a time-matched dataset. In dark
conditions, both datasets corroborated a common repression of
photosynthesis-related transcripts of RBCS, GATA-2, GATA-11,
and GATA-12 alongside increased GATA-9 expression. This
convergence indicates a coordinated dark-adaptation program,
as captured by both methods.

The correlation analysis revealed strong internal consistency
among the RNA-seg-derived metrics (DESeq2, FPKM, TPM),
while agreement with the AACt method (RT-qPCR) was weak-
er. This discrepancy likely reflects differences in sampling time
points, reference gene stability, and methodological resolution.
The highest correlation was observed between DESeq2 and
AACt (Fig. 4). These findings demonstrate that although both
platforms capture overlapping regulatory trends for certain
GATA genes, cach also reveals condition- and time-specific
expression changes. This underscores the value of integrating
both approaches.

Discussion

Advantages of the PipeSeq program

PipeSeq was developed with a focus on minimal system ad-
ministration requirements and optimized for local execution on
Windows-based systems. The program offers a user-friendly
graphical interface that lowers the entry barrier, integrates
state-of-the-art data analysis methods, and is suitable for small
to medium-sized datasets on standard personal computers. This
makes PipeSeq a practical solution for individual researchers
and small laboratories that do not have significant computing
resources or system administration experience.

Currently, there are several tools and platforms for transcrip-
tomic analysis, such as Galaxy (Afgan et al., 2018), Nextflow
(Di Tommaso etal., 2017), Snakemake (Mdlder et al., 2021), as
well as specialized pipelines like HISAT2-StringTie-Ballgown
(Pertea et al., 2016) and Kallisto-Sleuth (Bray et al., 2016).
Galaxy is a convenient web-based platform with a graphical
interface, but it requires separate server administration and is
not always suitable for individual researchers or small labo-
ratories without IT support (Afgan et al., 2018).

The Nextflow and Snakemake software platforms offer
high flexibility and scalability through parallel task execution
and support for containerization, which ensures complete
analysis reproducibility. However, using these systems requires
programming and Linux environment administration skills,
limiting their use by biologists without console and scripting
experience (Di Tommaso et al., 2017; Mélder et al., 2021).

An important aspect is support for differential gene expres-
sion analysis. Modern approaches recommend using packages
based on the negative binomial distribution (e. g., DESeq2),
which provide high accuracy and false discovery rate control
(Zhao S. et al., 2020; Zhao Y. et al., 2021; Elahimanesh,
Najafi, 2024).

Our developed PipeSeq software pipeline (Fig. 1) uses one
of the fastest tools for read alignment (HISAT2) and tran-
script assembly (StringTie), which significantly outperform
previous methods (TopHat and Cufflinks) in terms of speed
and computational resource requirements (Kim et al., 2015,
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2019). The integration of DESeq2 allows to automatically

obtain statistically valid results of differential expression with

FDR control (Love et al., 2014). This places it on par with

recognized solutions in RNA-seq data analysis, such as the

HISAT2-StringTie-Ballgown pipeline, which uses a similar

statistical approach, albeit less integrated (Pertea et al., 2016).

Another advantage of the developed program is the ability

to process and visualize qPCR data using the AACt method

and to conduct comparative statistical analysis (calculating
the Pearson, Spearman, and Kendall correlation coefficients)
with three RNA-seq normalization methods — FPKM, TPM,
and DESeq2.

The developed PipeSeq program has the following features.

1. User interaction with the program occurs exclusively
through a graphical interface (five windows).

2. All data processing stages are integrated within a single
program (no need to connect additional packages) and do
not require an internet connection.

3. The program includes automated selection of trimming
parameters (adapter removal, quality threshold, minimum
read length) based on quality control at the input and output.

4. A built-in module for processing qPCR data using the AACt
method (import of threshold cycle (Ct) values, calculation
of normalized expression, comparative statistical analy-
sis based on RNA-seq data processing results and qPCR
results).

Expression profiles

of GATA genes in C. reinhardtii

Light is one of the key regulators of gene expression in photo-
synthetic organisms. Through a comprehensive study, we have
obtained the most complete expression profiles of GATA genes
in C. reinhardtii, supplementing publicly available RNA-seq
data with our own experiments using the RT-gPCR method.
Despite the fact that currently the results of transcriptomic
studies in most cases do not require additional verification
(Coenye, 2021), we encountered a limited amount of relevant
data (three datasets) in open databases, accompanied by brief
descriptions of the growth conditions for the cultures selected
for analysis.

The resulting RNA-seq data (Fig. 2) for some GATA genes
showed low statistical significance of changes (FDR > 0.05).
Processing of the selected RNA-seq datasets using the Pipe-
Seq program allowed us: (1) to identify and confirm a pair
of constitutively expressed reference genes RPL19-RPL32
(Liu et al., 2012); (2) to determine expression profiles of
the target genes in response to specific stimuli, with the aim
of subsequently applying the RT-gPCR method for precise
quantitative assessment of these changes across an expanded
range of experimental conditions.

Our findings (Fig. 3) confirm that changes in light conditions
are a significant factor modulating GATA gene expression in
photosynthetic organisms (Manfield et al., 2007; Naito et al.,
2007; Luo et al., 2010; Schroder et al., 2023). A previous analy-
sis of the protein interaction network (Virolainen, Chekunova,
2024) identified three functional clusters in which the 12 GATA
factors of C. reinhardtii are likely involved.
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The first functional cluster, consisting of the GATA-1,
GATA-2, and GATA-10 genes, links photoreception (genes
CHLAMYDOMONAS PHOTOLYASE HOMOLOG 1 (CPH1),
SHOC2/SUR8-like LRR (CSL)), circadian regulation (genes
of the RHYTHM OF CHLOROPLAST (ROC) family) and
phosphorus metabolism (the PHOSPHATE STARVATION
RESPONSE 1 (PSR1) gene), ensuring adaptation of the cell
to light regimes.

The second cluster (GATA-9) is associated with the func-
tioning of the aryl hydrocarbon receptor complex, which is
activated under high light conditions, supporting detoxification
processes in the cell.

The third cluster (GATA-3, GATA-4, GATA-5, GATA-6,
GATA-7, GATA-8, GATA-10, GATA-11, GATA-12) coordinates
nitrogen assimilation (via the NITRATE REDUCTASE (NIT1)
gene), chromatin remodeling (via genes encoding histone
deacetylases), DNA replication (via the gene encoding helicase
(CrRuvBL1)), membrane transport and cell division (via genes
encoding the Rab family protein (RABF1), kinesin-like protein,
and a subunit 4 of the cyclosome), showing pronounced light
dependence.

The observed dynamics of GATA gene expression rep-
resent a coordinated response that integrates key metabolic
processes during the cell cycle (Voigt, Miinzner, 1987; Miiller
et al., 2017; Salomé, Merchant, 2019). The response of all
studied GATA genes to light stimuli suggests the presence
of a cross-regulation mechanism among the three functional
networks through by yet unidentified or uncharacterized genes
and proteins.

The results of our studies allow us to make the first sig-
nificant assumptions regarding the functions of GATA TFs in
C. reinhardtii and green algae in general (Schwechheimer et
al., 2022), laying the necessary foundation for future research.

A comparative analysis of the use of three RNA-seq normal-
ization methods (FPKM, TPM, DESeq2), and the AACt method
based on RT-gPCR data demonstrated the highest correlation
in the DESeq2—AACt pair (Fig. 4). This finding confirms the
literature reports on the high accuracy of tools based on the
negative binomial distribution (Zhao S. et al., 2020; Zhao Y.
etal., 2021; Elahimanesh, Najafi, 2024) and demonstrates the
reliability of the AACt normalization method for RT-qPCR data
for accurate quantification of the expression levels of target
genes (Livak, Schmittgen, 2001; Schmittgen, Livak, 2008;
Shi, He, 2014; He et al., 2015; Coenye, 2021; Schroder et al.,
2023). Collectively, both approaches reveal overlapping trends
for a small number of GATA genes and condition-, method-,
and time-dependent differences. This underscores the value
of integrating massive (RNA-seq) and targeted (RT-gPCR)
approaches to obtain a more comprehensive understanding
of gene expression dynamics.

Conclusion

During the study, we developed and applied the PipeSeq
pipeline. It includes automated steps for data loading, read
alignment, and statistical processing of RNA-seq data. Ad-
ditionally, the program enables the analysis and visualization
of data generated by both RNA-seq and RT-qgPCR methods.

Development and validation of the PipeSeq program
for RNA-seq data analysis in the C. reinhardtii as a model

The results of our study showed that RNA sequencing and
RT-gPCR methods can reveal similar patterns of gene expres-
sion changes, but show differences in the effect size estimation
and sensitivity in detecting expression changes.

The data obtained allow us to conclude that the GATA TFs
in C. reinhardtii form three functionally specialized groups
(clusters), the coordinated regulation of which constitutes a key
mechanism ensuring proper progression of the cell cycle under
changing environmental conditions. The expression profiles of
the GATA-2, GATA-4, GATA-5, GATA-6, GATA-8, GATA-10,
GATA-11, and GATA-12 genes suggest their involvement in
the regulation of light-dependent metabolic processes. The
GATA-1, GATA-3, GATA-7, and GATA-9 genes are involved
in switching metabolism during the light/dark and dark/light
transitions. Future research on GATA TFs in C. reinhardtii
should be aimed at search and verification of the target genes
and interactions in regulatory networks, as well as confirma-
tion of the predicted functions in response to changes in other
cultivation conditions.

The PipeSeq program has demonstrated its effective-
ness in a comprehensive study of differential gene expression
as a tool for conducting a full cycle of bioinformatic ana-
lysis of RNA-seq data with the ability to process RT-gPCR
data and perform comparative statistical analysis of the results
obtained using different methods. The developed pipeline can
be used to study the gene expression profiles of any research
object.
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