agronomy

Article

Reliable Gene Expression Normalization in Cucumber Leaves:
Identifying Stable Reference Genes Under Drought Stress

Wojciech Szczechura !

and Marcin Nowicki 2

check for

updates
Academic Editors: Zhiyong Li,
Chaolei Liu, Jiezheng Ying and

Dawei Xue

Received: 16 November 2025
Revised: 3 December 2025
Accepted: 4 December 2025
Published: 6 December 2025

Citation: Szczechura, W.; Klosiriska,
U.; Nowakowska, M.; Nowak, K_;
Nowicki, M. Reliable Gene Expression
Normalization in Cucumber Leaves:
Identifying Stable Reference Genes
Under Drought Stress. Agronomy 2025,
15,2811. https://doi.org/10.3390/
agronomy15122811

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

, Urszula Klosifiska 1'*(, Marzena Nowakowska 1, Katarzyna Nowak 1

Department of Genetics, Breeding, and Biotechnology of Vegetable Crops, The National Institute of
Horticultural Research, 96-100 Skierniewice, Poland; wojciech.szczechura@inhort.pl (W.S.);
marzena.nowakowska@inhort.pl (M.N.); katarzyna.nowak@inhort.pl (K.N.)

Department of Entomology and Plant Pathology, Institute of Agriculture, University of Tennessee,
Knoxville, TN 37996, USA; mnowicki@utk.edu

*  Correspondence: urszula.klosinska@inhort.pl

Abstract

Reverse transcription quantitative PCR (RT-qPCR) is extensively used to quantify gene
expression under drought conditions; however, its reliability depends on the validation
of the reference genes under specific conditions. In cucumber, reference genes have rarely
been validated under drought conditions. This study identified stable housekeeping
genes for RT-qPCR normalization in the leaves of two inbred lines with contrasting drought
responses. Plants underwent a 7-day drought period, with leaf samples collected at multiple
points along with watered controls. The expression stability of 13 candidate genes was
evaluated using four algorithms: geNorm, NormFinder, BestKeeper, and the comparative
ACt method, with the results integrated using RefFinder. Ten genes producing specific and
efficient amplicons were analyzed for stability. CACS and UBI-1 consistently ranked among
the most stable genes, with TIP41-like as an additional reliable option, whereas GAPDH and
HEL were unstable. GeNorm pairwise variation analysis showed that the two reference
genes were sufficient for accurate normalization. Functional validation with three drought-
responsive targets (LOX, HsfC1, and CYP72A219) and comparison with RNA sequencing
(RNA-seq) fold changes confirmed that normalization using CACS and UBI-1 yielded the
most biologically credible expression profiles. These reference genes will facilitate robust
RT-qPCR analyses of drought response in cucumber leaves and provide a starting point for
validating suitable normalizers in other cucumber organs and related cucurbits.

Keywords: Cucumis sativus; MIQE compliance; housekeeping genes; RT-qPCR; drought stress

1. Introduction

Gene expression analysis plays a fundamental role in understanding gene function
and elucidating phenotypic variations in biological systems [1]. Among the available
molecular tools, reverse transcription quantitative PCR (RT-qPCR) remains the most widely
adopted technique because of its high sensitivity, reproducibility, rapid turnaround, and
cost-effectiveness [2-5]. In addition to directly quantifying transcript abundance, RT-qPCR
is frequently employed to validate the results of from transcriptomic and microarray analy-
ses [6]. However, reliable RT-qPCR inference requires rigorous normalization using internal
reference genes (housekeeping genes, HKGs) with demonstrably stable expression under
the specific biological context (e.g., tissue, treatment, time). In addition, experimental
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design, reporting, and data interpretation must comply with the MIQE (Minimum Infor-
mation for Publication of Quantitative Real-Time PCR Experiments) guidelines to ensure
transparency, reproducibility, and cross-study comparability [1-3].

A key methodological insight into gene expression analysis is that no single HKG is
universally stable [1,4-6]. Traditional reference genes such as actin (ACT), tubulin (TUB),
glyceraldehyde-3-phosphate dehydrogenase (GAPDH), ubiquitin (UBI), and elongation
factor 1-o (EF1x), were once assumed to have constant expression. Thanks to the increasing
amount of evidence, we now recognize that their transcription fluctuates depending on the
species, organ, developmental stage, and /or exposure to biotic or abiotic stress [2-8]. This
variability can introduce substantial bias in target gene quantification if HKG are selected
uncritically, thereby making rigorous condition-specific validation essential for credible
RT-gPCR interpretation [7-13].

To address this emerging issue, several computational algorithms have been devel-
oped to objectively evaluate HKG stability. geNorm calculates the pairwise variation (M)
among candidate genes and proposes geometric averaging of multiple stable references to
determine the minimal number required [7]. NormFinder applies a model-based variance
estimation approach that separates intra- and inter-group variation [14]. BestKeeper ranks
candidates based on standard deviation, coefficient of variation, and correlation of raw
cycle threshold (Ct) values [15]. The comparative ACt (delta cycle threshold) method pro-
vides a straightforward pairwise gene-to-gene comparison across samples [16]. Therefore,
many recent studies advocate combining multiple algorithms, often through integrative
tools such as RefFinder [17] to derive a consensus ranking and improve confidence in HKG
selection [7,14-16].

The MIQE framework further emphasizes transparent reporting, including primer
sequences and amplification efficiencies, stability metrics, and justification for the num-
ber of reference genes, to ensure reproducibility across laboratories and platforms [1].
In accordance with these recommendations, an increasing volume of plant research has
evaluated the stability of HKGs under various conditions, including developmental gradi-
ents, hormone treatments, and diverse biotic and abiotic stresses [2-6,8—13,18-21]. These
studies consistently demonstrate that the optimal selection of reference genes is highly
context-dependent; loci that are effective in one tissue, species, or stress scenario may prove
inadequate in another [18,19,22]. This context specificity challenges the use of universal
reference genes and advocates for a framework in which HKGs are systematically assessed
within each specific crop stress combination of interest.

Cucumber (Cucumis sativus L.) is a globally important vegetable crop and a genomic
model within the Cucurbitaceae family, particularly since the release of its draft genome
sequence [23]. Drought stress poses an increasing threat to cucumber productivity, as it trig-
gers large-scale transcriptional changes involving ABA-dependent and ABA-independent
signaling, osmotic regulation, ROS homeostasis, and aquaporin-mediated transport [24-26].
Transcriptomic comparisons among tolerant and sensitive cultivars have revealed genotype-
specific response patterns [27]. Under such dynamic regulation, the assumption of universal
HKG stability is untenable; instead, HKG must be validated for the specific drought-
stressed tissues and genotypes under study. Empirical studies on cucumbers substantiate
this conclusion. A comprehensive survey across organs, hormone treatments, and abiotic
stresses identified EF1x and UBI as the most stable HKG candidates overall, with EF1«
being particularly reliable under abiotic stress [28]. In cucumber—-pumpkin graft systems,
optimal normalizers vary by organ and condition [29]. Under biotic stress conditions
affecting root function (including Meloidogyne incognita infection and treatments with a
mixture of Pseudomonas strains RH58, RH61, and RH62), geNorm, NormFinder, BestKeeper,
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and RefFinder collectively identified EF1x, UBI, and CACS as the most stable housekeeping
genes [30].

This study was based on the hypothesis that no single HKG maintains stable expres-
sion across drought conditions in cucumber and context-specific validation is required for
robust RT-qPCR normalization. To achieve this, the expression stability of 13 candidate
genes was evaluated in the leaves of drought-tolerant and drought-sensitive lines and
multiple timepoints using four algorithms (geNorm, NormFinder, BestKeeper, and ACt
method) combined through the RefFinder consensus approach. The selected reference
genes were further validated by analyzing the expression of drought-responsive target
genes (LOX, HsfC1, and CYP72A219) in leaf tissue and by comparing the RT-qPCR results
with RNA-seq data. Our goal was to deliver a reliable, empirically justified set of reference
genes to ensure accurate and reproducible gene expression quantification in cucumber
leaves under drought stress.

2. Materials and Methods
2.1. Plant Material and Stress Treatments

Two cucumber lines with contrasting drought responses were used: SU2 (drought-
tolerant) and SU6 (drought-sensitive) [31]. One of them, SU2, was bred at the National
Institute of Horticultural Research (NIHR), Skierniewice, Poland and the other one, SU6
(PI272327, India) was obtained from the North Central Regional Plant Introduction Station,
Ames, IA, USA. The experiment was conducted in controlled environment (day/night
22 °C) in a greenhouse at the NIHR. Seeds were sown individually into the specially de-
signed glass rhizoboxes (295 x 210 x 10 mm) filled with peat substrate. Plants were
subjected to two different water regimes: optimal irrigation (—5 kPa, control), and re-
duced irrigation level (—40 kPa, stress treatment). Reduced irrigation was applied to the
3—4 leaf stage plants for up to 7 days, while the control plants were maintained under
optimal irrigation.

For stability screening (reference-gene selection stage), leaf samples were collected on
1 day (D1), day 2 (D2), day 3 (D3), and day 7 (D7) after the onset of drought stress, with
matched well-watered controls (C) sampled at the same timepoints. Equal concentration-
normalized RNA aliquots from SU2 and SU6 across all timepoints and controls were
subsequently pooled to generate a heterogeneity-representative cDNA template for primer
verification and standard curves used in reference-gene evaluation.

For the validation phase (expression normalization), preselected RNA aliquots (with
matched well-watered controls) were obtained from SU2 and SU6 on D3 and D7. These
samples originated from the same experimental cohort as the RNA-seq dataset (Klosiriska
et al., unpublished data), thus enabling cross-platform concordance assessments. This
design resulted in six experimental groups: two genotypes sampled under one control
condition and two drought timepoints. Each line X treatment x timepoint combination
comprised three biological replicates (three individual plants).

2.2. RNA Isolation and cDNA Synthesis

Total RNA was isolated from frozen leaf tissue using the phenol-chloroform method
described by Zeng and Yang [32]. The RNA samples were treated with RNase-free DNase 1
(Thermo Fisher Scientific, Waltham, MA, USA) to remove any genomic DNA. RNA quality
and integrity were verified using an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa
Clara, CA, USA). All samples showed high integrity (RNA integrity number, [RIN] > 7.0).
RNA concentrations were adjusted to equal values prior to reverse transcription.

First-strand cDNA was synthesized from 1 ug of total RNA in a 20 uL reaction using
the High-Capacity cDNA Reverse Transcription Kit (Applied Biosystems, Foster City, CA,
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USA) following the manufacturer’s instructions (random hexamer priming). A no-reverse-
transcriptase control was included for each RNA sample to confirm the absence of genomic
DNA; no amplification was observed in these controls.

2.3. Optimization of PCR Conditions for Reference-Gene Assays

Thirteen commonly used or literature-supported candidate reference genes were
selected: ACT, CACS, CYP, EFlx, F-BOX, GAPDH, HEL, PDF-2, TIP41-like, TUA, UBI-1,
UBQ, and 18S rRNA (Table 1).

Table 1. Characteristics of candidate housekeeping genes (HKGs) and their primer sequences used
for RT-qPCR analysis in leaves of cucumber under drought stress.

Gene Annotation %f:clleuln]%;l Primer Sequence %tirzlgl(ilsg;l E (%) R? References
) F:ATGACGCAGATAATGTTTGAG
ACT Actin CCyeC020130 G G GAGAATGGCATGAGGGAGGG 290 o8 0999 [33]
) FTGGGAAGATTCTTATGAAGTGC
CACS AP-2 complex subunit mu-1 CsGy3G044260 RCTCGTCAAATTTACACATTGGT 160 102.3 0.999 [28]
. F:-GCTGGACCTGGAACCAACGGA
CYP Cyclophilin CsGy7G014440 RTCTAAGAGAGCIGGCCACAAT 190 98.4 0.999 [34]
F:ACTGGTGGTTTTGAGGCTGGT
EFlx Elongation factor 1-« CsGy2G009450 RCTTGGAGIATITGGGIGIGGT 205 104.2 0.999 [33]
F:GGTTCATCTGGTGGTCTT
F-box F-box protein CsGy5G004880 RCTTTAAACGAACGGICAGICC 160 103.1 0.993 [34]
F:-GCCTTGGTCCTCCCTTCTCTT
GAPDH Glyc”‘iffﬁf%f&ﬁ?é’ P CsGy3GO19880 R:ATGCAGCATTCACCTCTTCAG 133 107.0 0999 531
) FTTCTCGAAGATTTAGTGATTCATGTG
HEL RNA helicase CsGy5G005520 RCAATGGACGAATGCAAAGG 160 107.3 0.999 [28]
F:CAACAGGTGATATTGGATTATGATTATAC
TIP41-like TIP41-like family protein CsGy7G006670 RCCCAGCTCATCCTCATATAAG 200 100.8 0.999 [34]
F:.CTAATGGGGAGTGGGGAAGTA
UBI-1 Ubiquitin-like protein CsGy2G005440 ROTCTGGATGOACAATGTTGAT 160 100.1 0.999 [33]
o F:CACCAAGCCCAGAAGATC
UBQ Polyubiquitin CsGy6G011285 RTAAACCTAATCACCACCAGE 200 101.9 0.999 [30]
F:GTAGGACCTGAACCAACTA
PDF2 Sucrose-phosphatase CsGy5G025470 RCTICACGCAGGGAAGA - - - [30]
F:CAAGGAAGATGCTGCCAATAA
TUA a-Tibulin CsGy4GO11690 § - - (33]

R:CCAAAAGGAGGGAGCCGGAC

The amplification efficiency (E) and coefficient of determination (R?) were determined using standard curve
analyses. Gene IDs were obtained from the CuGenDBv?2 database [35].

Prior to RT-qPCR, primer specificity for each candidate was confirmed by standard
PCR using pooled cucumber cDNA (equal aliquots from all samples) as a template. Re-
actions (20 pL each) contained 1 U of DreamTaq DNA polymerase with 1x DreamTaq
Green buffer containing 20 mM MgCl, (Thermo Fisher Scientific, Waltham, MA, USA),
0.4 mM dNTPs, 400 nM of each forward and reverse primer, and 1 pL of cDNA template.
PCR cycling was carried out on a GeneAmp PCR System 9700 thermal cycler (Applied
Biosystems, Foster City, CA, USA) with an initial denaturation at 95 °C for 2 min, followed
by 45 cycles of 95 °C for 15 s, 60 °C for 30 s, 72 °C for 30 s, and a final extension at 72 °C
for 5 min. Amplicons were resolved on 2% agarose gels and visualized using ethidium
bromide on a Gel Doc XR + Documentation System (Bio-Rad, Hercules, CA, USA).

The PCR products were gel-purified and Sanger-sequenced (Genomed S.A., Warsaw,
Poland) to verify that they corresponded to the correct target genes. BLASTn (v.2.17.0) [36]
analysis against the cucumber Gy14v2.1 reference genome [35] confirmed that each se-
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quenced amplicon matched the intended gene with 100% identity and did not align with to
other loci, thereby indicating high primer specificity.

2.4. RT-gPCR Reaction Setup and Cycling Conditions

RT-gPCR reactions were carried out in a 10 uL volume containing 5 uL 2 x PowerTrack
SYBR Green Master Mix (Thermo Fisher Scientific, Waltham, MA, USA), 0.8 uL of each
primer (400 nM), 1 uL of template (5x diluted cDNA, corresponding to 10 ng of reverse-
transcribed RNA), and 2.2 pL of distilled water. All reactions were run in technical triplicate,
and no-template controls (NTCs) were included for each primer pair.

RT-qPCR analyses were performed using a LightCycler 480 II Real-Time PCR System
(Roche Diagnostics GmbH, Mannheim, Germany). The PCR program was set as follows:
95 °C for 2 min (initial denaturation), followed by 45 cycles of 95 °C for 15 s and 60 °C
for 60 s. Immediately after amplification, a high-resolution melting (HRM) curve analysis
(95°Cfor 155, 60 °C for 1 min, and 95 °C for 15 s) was performed to verify the specificity
of PCR amplification and to detect potential primer-dimers or non-specific products.

To determine the amplification efficiency (E) and linearity (R?) of each primer set,
standard curves were prepared using a four-point 10-fold dilution series of pooled cDNA [1].
The dilution series, ranging from 107! to 10~* of the original cDNA concentration, was
run in triplicate for each gene. PCR efficiency (in percentage) was then calculated from the
slope using the following formula: E (%) = (101/slope) _ 1) x 100% [1].

2.5. Data Analyses for Expression Stability

Expression stability was evaluated using four complementary algorithms: geNorm [7],
NormFinder [14], the comparative ACt method [16], and BestKeeper [15]. Cycle threshold
(Ct) values reported by the LightCycler 480 (v.1.5.1) software, considered equivalent to
the quantification cycle (Cq) values, were either used directly or transformed as required
for each program. For geNorm and NormFinder, Ct values were converted into relative
quantities using the formula E~A¢ [37].

geNorm calculates the stability measure M, which represents the average pairwise
variation of a gene with all others, and the pairwise variation V,, /;,,1, which is used to
determine the minimum number of reference genes required for reliable normalization [7].
Genes with lower M-values are considered more stable, and a V;, /.1 value of less than 0.15
is commonly interpreted as indicating that inclusion of an additional reference gene does
not substantially improve normalization. NormFinder employs a model-based approach,
akin to ANOVA, to partition intra- and intergroup variance, providing a stability value
(SV), where a lower SV signifies greater stability [14]. BestKeeper utilizes raw Ct values to
compute the standard deviation (SD) and coefficient of variation (CV); candidates with an
SD greater than 1.0 Ct are typically deemed insufficiently stable and are excluded [15]. The
comparative ACt method evaluates stability by examining the variance in pairwise Ct differ-
ences (ACt) between genes across samples, where lower and more consistent ACt variances
reflect higher stability [16]. RefFinder integrates the rankings from geNorm, NormFinder,
BestKeeper, and ACt, providing an overall stability rank based on the geometric mean of
the method-specific ranks [17].

The computations for geNorm and ACt analyses were performed using the ctrlGene
package [38] in R (v.4.3.3) [39]. NormFinder was executed using its Excel add-in (Microsoft
Excel 2016) [9]. BestKeeper statistics, including SD, CV, and correlation to the BestKeeper
index, were calculated using the Excel-based BestKeeper tool [10].

2.6. Validation with Drought-Responsive Target Genes

To evaluate the influence of reference gene selection on the quantification of target
genes under drought conditions, we examined three differentially expressed genes (DEGs)
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identified in a concurrent RNA-seq experiment (Appendix A, Klosiriska et al., unpublished
data): LOX (CsGy4G013180, lipoxygenase), HsfC1 (CsGy2G001180, heat stress transcription
factor Cl-like), and CYP72A219 (CsGy4G020825, Cytochrome P450 72A219-like). Primers
were designed using Primer-BLAST (NCBI; Primer3 engine v.2.5.0) [40] verified through
standard PCR and Sanger sequencing, and confirmed using BLASTn (v.2.17.0) [36] against
the cucumber Gy14 v2.1 genome [35] (Table S1, Figure S1). RT-qPCR for these targets
used the same cDNA panel and cycling conditions described in Section 2.4. For each
sample, technical triplicates were examined for single-peak melt curves, and the mean Ct
per biological replicate was used for downstream analysis.

Validation was performed on line-specific datasets for SU2 and SU6 at D3 and D7,
corresponding to RNA-seq timepoints. Target gene Ct values were normalized (ACt) us-
ing either (i) a composite reference calculated as the geometric mean of CACS and UBI-1
(hereafter CACS+UBI-1), which ranked among the most stable candidates, or (ii) a single
low-stability gene (GAPDH or HEL) identified in the stability screening. Relative expression
(drought vs. well-watered control) was determined using the 2~22¢t method [37]. Calibra-
tors were defined within the line and timepoints (e.g., SU2-control for SU2-D3 drought),
ensuring line- and time-specific fold-change estimates.

To test the impact of HKG selection on target gene expression estimates under drought
conditions, two-way ANOVA models were fitted separately for each target gene and line
(SU2 and SU6). In each model, the first fixed factor was the sampling timepoint (hereafter
TRT; D3 vs. D7), and the second fixed factor was the normalization strategy (CACS+UBI-1
vs. single-gene alternatives: GAPDH or HEL; HKG). The interaction term (TRT x HKG)
was also included. Because the interaction term was significant in nearly all cases, inference
focused on simple effects rather than on the main effects averaged across factors. Post hoc
comparisons employed Tukey’s HSD to evaluate normalization strategies separately for
each genotype (SU2, SU6) and each timepoint (D3, D7), where applicable. ANOVA and
post hoc tests were performed in R (v.4.3.3) [39] using the car (v.3.1.3) [41] and agricolae
(v.1.3.7) [42] packages.

The concordance between RT-qPCR fold changes and RNA-seq fold changes for
identical gene-line-time combinations was assessed using Pearson’s r and Spearman’s
p, Lin’s concordance correlation coefficient (CCC), and scaled root mean square error
(RMSE) after z-standardization of both variables. To formally compare the dependent
and overlapping correlations obtained under different normalizers, we applied the Meng-
Rosenthal-Rubin test for overlapping correlations with dependent groups. Tests were run
in R using the cocor package (v.1.1.4) [43] with two-sided & = 0.05; where relevant, we
reported the Meng z and p-values. CCC was calculated using a standard implementation
of Lin’s coefficient, and the scaled RMSE was computed after z-scaling each axis to place
RT-qPCR and RNA-seq on comparable scales. Analyses of concordance metrics were
conducted globally, by pooling both the lines.

3. Results
3.1. Primer Specificity and PCR Amplification Efficiency

Of the 13 candidate HKGs, 11 produced specific amplicons under standard PCR
conditions (Figure 1A). The primers for TUA and PDF2 did not amplify their targets
under these conditions; therefore, these genes were excluded from further analyses. For
the remaining 11 HKGs, agarose gel electrophoresis and high-resolution melting (HRM)
confirmed single products without primer dimers or non-specific bands (Figure 1A,B).
BLASTn verification of these amplicons demonstrated unique matches to the intended
cucumber loci with no off-target alignments, indicating high primer specificity.
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Figure 1. Primer specificity of candidate reference genes (HKGs) in cucumber leaves under drought

stress. (A) Analysis of PCR-generated amplicons on agarose gel; M, GeneRuler 100 bp DNA Ladder
(Thermo Fisher Scientific, Waltham, MA, USA; fragment sizes 100-1000 bp). (B) High-resolution
melting (HRM) derivative curves for the same HKGs across all samples, showing single, sharp melting
peaks and no evidence of primer—dimer formation or nonspecific products, thereby confirming
assay specificity.

Amplification efficiencies for 10 of these 11 assays (all except 18S rRNA ) ranged from
94.8% (ACT) to 107.3% (HEL), with coefficients of determination (R%) > 0.99 for all standard
curves (Table 1), thereby confirming robust and reproducible RT-qPCR performance [44].
An exception was 18S rRNA, which showed aberrantly high efficiency (E = 153%) and a
comparatively lower R? value (0.955) than the other assays. This likely resulted from its
extremely high transcript abundance or technical issues (e.g., amplification at very low
dilution points), which could possibly lead to a deviation from true exponential amplifi-
cation. Because such an outlier efficiency can compromise the quantitative accuracy, 185
RNA was eliminated from further consideration. Following these quality control measures,
10 candidate HKGs were retained for stability assessment during the drought experiment.

The average Ct values for the retained 10 candidates spanned approximately seven
cycles, thus reflecting differences in transcript abundance (Figure 2). The average Ct value
ranged from 17.20 (EF1x) to 24.31 (UBI-1). Among the genes, GAPDH exhibited the largest
within-gene dispersion of Ct values (range 17.54-20.59), whereas F-BOX (23.13-24.85) and
EFla (16.29-18.04) showed the smallest dispersion, consistent with a tighter technical
performance and/or more uniform expression.
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Figure 2. Distribution of cycle threshold (Ct) values for the 10 reference genes (HKGs) retained
after initial screening. Data are pooled across lines (SU2, SU6) and timepoints. Boxes show the
interquartile range (25th—75th percentiles), the horizontal line is the median, and the triangle denotes
the arithmetic mean. The whiskers represent minimum and maximum values. Lower Ct indicates
higher transcript abundance.

3.2. Reference Gene Stability Rankings

To obtain a robust, consensus view of reference-gene stability under drought condi-
tions we analyzed the expression stability of ten HKGs (ACT, CACS, CYP, EFla, F-BOX,
GAPDH, HEL, TIP41-like, UBI-1, and UBQ) using four widely accepted algorithms: geNorm,
NormFinder, the ACt method and BestKeeper. In addition, we integrated the results using
the RefFinder online tool to derive a comprehensive stability ranking. Notable differ-
ences in relative expression stability were observed depending on the algorithm used
(Tables 2 and 3, Figure 3).

Table 2. Descriptive statistics of the ten candidate reference genes by BestKeeper analysis.

Reference Gene

F-BOX UBI-1 HEL TIP41-like CACS EFla UBQ CYpP ACT GAPDH

Ranking 1 2 3 4 5 6 7 8 9 10

n 30 30 30 30 30 30 30 30 30 30
Geo Mean (Ct) 23.94 24.31 23.18 23.09 22.27 17.19 19.21 18.47 20.53 18.70
AR (Ct) 23.95 24.31 23.18 23.09 22.28 17.20 19.22 18.48 20.55 18.73
Min. (Ct) 23.13 23.19 22.36 2217 21.07 16.29 18.31 17.06 19.74 17.54
Max. (Ct) 24.85 25.19 24.52 24.20 23.65 18.04 20.49 19.67 22.26 20.59
SD (£ Ct) 0.41 0.43 0.49 0.51 0.53 0.46 0.56 0.54 0.63 0.78
CV (%Ct) 1.70 1.75 2.10 221 2.37 2.68 2.90 2.93 3.05 4.17
Min. (x-fold) -1.76 —-2.17 —1.76 —1.89 —2.30 —1.86 —1.87 —2.66 —1.73 —2.24
Max. (x-fold) 1.87 1.84 2.54 2.16 2.61 1.81 242 2.29 3.31 3.70
SD (+x-fold) 1.33 1.34 1.40 143 1.44 1.38 1.47 1.46 1.54 1.72
coeff. of corr. (r) 0.86 0.92 0.32 0.92 0.97 0.76 0.82 0.96 0.90 0.86
p-value 0.001 0.001 0.082 0.001 0.001 0.001 0.001 0.001 0.001 0.001

Parameters include the number of samples (1), geometric mean (GM) and arithmetic mean (AR) of Ct values, min-
imum and maximum Ct values, standard deviation (SD =+ Ct), and coefficient of variation (CV %Ct). Additional
columns show the minimum, maximum, and standard deviation of expression variation in x-fold changes, as well
as the Pearson correlation coefficient (r) and significance level (p-value) between each gene and the BestKeeper
index. Lower SD and CV values indicate greater expression stability across samples.

In geNorm, all genes showed M values < 0.70, which is well below the commonly used
cutoff of 1.5 [3], indicating generally low pairwise variability across the panel (Figure 3A).
Within this uniformly acceptable range, CACS and UBI-1 were identified as the two most
stable genes with the lowest M values, whereas HEL and GAPDH displayed the highest M
values, indicating relative instability. The geNorm pairwise variation analysis (Figure 3B)
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demonstrated that the inclusion of a third reference gene was unnecessary, as indicated
by a V,/3 value of 0.100, which was below the empirical threshold of 0.15. Subsequent V
values, ranging from 0.050 to 0.073, also remained well below 0.15, thereby confirming that
the two genes are sufficient for normalization in drought-response expression profiling in
cucumber leaves.

Table 3. Ranking order of 10 candidate reference genes (HKGs) according to four stability algorithms
and the integrated RefFinder analysis. Lower rank values indicate higher expression stability. For
geNorm, CACS and UBI-1 shared rank 1 (identical M values).

Ranking geNorm NormFinder ACt BestKeeper RefFinder
1 CACS/UBI-1 CACS CACS F-BOX CACS
2 - CYP CYP UBI-1 UBI-1
3 CYP UBI-1 TIP41-like HEL TIP41-like
4 TIP41-like TIP41-like UBI-1 TIP41-like F-BOX
5 F-BOX F-BOX F-BOX CACS CYP
6 EFla EFla UBQ EFla EFla
7 UBQ UBQ EFln UBQ UBQ
8 ACT ACT ACT CYP ACT
9 GAPDH GAPDH GAPDH ACT HEL
10 HEL HEL HEL GAPDH GAPDH
- geNorm A . B
ﬂm HEL GAPDH ACT usQ EFal F-BOX  TIP41-like cyp UB/-I-CACS‘ o V2N3 v3Na VNS V56 V6NT VING VeNg VIN10
NormFinder C act D

Stabilty value
Average of SD

HEL GAPDH  ACT usaQ EFal F-BOX TIP41-like UBI-1 cyP CACS HEL  GAPDH  ACT usQ EFal F-BOX  UBI-1 CYP  TiP41-like CACS

Figure 3. Values of gene-expression stability of the ten HKG. (A) geNorm stability measure (M-value).
A lower M-value indicates more stable gene expression. (B) geNorm-pairwise variation (Vy, /yn+1)
between the normalization factors NF, and NF,,; to determine the optimal number of reference
genes. NF, is computed from the expression of the first n top-ranked candidate reference genes.
(C) NormFinder stability value (SV). Lower SV denotes higher stability. (D) Comparative ACt method:
standard deviation (SD) of ACt across samples. Lower SD denotes higher stability.

NormFinder assessed HKG stability using the SV parameter, with lower values indi-
cating greater stability (Figure 3C). Although minor rank differences were observed for
genes such as CYP and UBI-1, the overall top and bottom candidates were aligned with the
geNorm ranking. CACS was identified as the most stable HKG, with the lowest SV, whereas
GAPDH and HEL were the least stable genes. NormFinder also identified the combina-
tion of CACS and UBI-1 as the best two-gene normalizer, exhibiting the lowest combined
intra- and intergroup variation. This agreement between a pairwise co-expression metric
(geNorm) and a variance-component model (NormFinder) increases the confidence that
the leading stable signals are not artifacts of any single method.

The comparative ACt method corroborated these results (Figure 3D). CACS demon-
strated the smallest average standard deviation (SD) of ACt across samples, indicating
the highest stability of expression, whereas GAPDH and HEL exhibited the greatest ACt
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variability, suggesting the lowest stability. The concordance between the ACt method and
model-based algorithms further supports these rankings.

For BestKeeper, three variables, standard deviation (SD), coefficient of variation (CV),
and Pearson’s correlation coefficient (r) with the BestKeeper index, were used jointly
to assess expression stability. All ten candidates demonstrated SD (Ct) values below
1.0 (Table 2), which falls within the commonly accepted range for preliminary stability
screening [15]. The lowest dispersion was observed for F-BOX (SD = 0.41; CV = 1.70%)
and UBI-1 (SD = 0.43; CV = 1.75%), both of which exhibited strong correlations with
the BestKeeper index (r = 0.86 and r = 0.92, respectively; p < 0.001), reinforcing their
measurement stability and co-regulation with the global expression index. Although HEL
ranked third in terms of SD (0.49; CV = 2.10%), its correlation with the BestKeeper index
was weak (r = 0.32, p = 0.082), suggesting that it is unsuitable as a normalizer, despite
its low dispersion. In contrast, CACS displayed a slightly higher SD (0.53; CV = 2.37%)
but the strongest correlation with the index (r = 0.97, p < 0.001). CYP also showed a high
correlation (r = 0.96, p < 0.001), thereby supporting their stability. GAPDH exhibited the
greatest variability (SD = 0.78; CV = 4.17%) and, despite a moderate correlation with the
index (r = 0.86), was ranked last owing to excessive dispersion. Collectively, the BestKeeper
results favored F-BOX, UBI-1, and CACS (and, by correlation, CYP) as comparatively stable,
whereas GAPDH and HEL were identified as unreliable under the conditions of this study.

RefFinder was used to generate an aggregate score by synthesizing the rankings from
all methods (Table 3). According to RefFinder’s integrated ranking, CACS, UBI-1 and
TIP41-like were the optimal HKGs for cucumber leaves under drought conditions, with
the lowest mean rank values. HEL and GAPDH were the least stable HKGs (Table 3).
This outcome aligns with the individual algorithms and confirms CACS and UBI-1 are the
preferred HKGs in this experimental context. In practical terms, the combined results justify
employing a two-gene normalizer and strongly support the CACS+UBI-1 geometric mean
as a primary choice for normalization in subsequent RT-qPCR analyses, with TIP41-like as a
credible alternative or third gene, where additional redundancy is desired.

3.3. Validation of Reference Gene Selection on Target Gene Expression

Subsequently, we investigated the impact of reference gene selection on the quan-
tification of genes that responded to drought conditions. Our analysis focused on three
genes, LOX, HsfC1, and CYP72A219, which exhibited differential expression under drought
stress conditions in a concurrent RNA-seq experiment (Klosiriska et al., unpublished data,
Figure S2). The relative expression of each target gene (fold change under drought versus
control conditions) was determined using alternative normalization strategies for the RT-
qPCR data: (i) a composite, stability-driven normalizer defined as the geometric mean of
CACS and UBI-1 (hereafter CACS+UBI-1), and (ii) single-gene, low-stability alternatives,
GAPDH and HEL.

The findings indicated that HKG selection significantly influenced the observed expres-
sion levels of all three target genes (Figure 4). Two-way ANOVA models fitted separately
for each line (SU2, SU6) and timepoint (D3, D7) confirmed the strong effects of treatment
(TRT) and normalization (HKG), and in nearly all instances, a significant HKG x TRT inter-
action (p < 0.001), indicating that the perceived drought effect depended on the selected
HKG (Table S2). The sole exception was HsfC1 in SU6, where the interaction term was not
significant (p = 0.58) despite a pronounced main effect of treatment (p < 0.001).
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Figure 4. Effect of reference gene choice on the estimated expression of drought-responsive targets
in cucumber. Fold change (FC) in expression levels of LOX (A), HsfC1 (B), and CYP72A219 (C) in
two cucumber lines (SU2, drought-tolerant; SU6, drought-sensitive) under drought versus control
conditions. Gene expression data were normalized using the two most stable reference genes
(CACS+UBI-1, geometric mean) and the two least stable ones (GAPDH and HEL), as identified
by stability ranking analyses. Boxes indicate the interquartile range, horizontal lines the median,
whiskers represent minimum and maximum values, triangles denote mean values, and points
represent individual replicate values. Different letters above the bars indicate statistically significant

differences at p < 0.05 according to Tukey’s HSD test (calculated separately for each combination of
line, target gene, and timepoint).

For LOX in SU2 at D3, the CACS+UBI-1 normalizer yielded the highest fold changes
(Figure 4A), whereas GAPDH and HEL compressed the response to near-baseline levels
(« = 0.05). In SUG6 cells, a similar pattern was observed: induction with normalization
using CACS+UBI-1 was significantly greater than that with GAPDH or HEL. By D7, LOX
induction was diminished in both genotypes, and the differences between normalizers
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narrowed, consistent with a reduced underlying biological effect. HsfC1 cells exhibited the
largest dynamic range (Figure 4B). In SU2 on D3, CACS+UBI-1 normalization resulted in
a very high induction, significantly surpassing GAPDH or HEL. In SU6, all normalizers
captured strong drought induction at D7, but CACS+UBI-1 and GAPDH produced higher
medians than HEL did. Consistent with the non-significant HKG x TRT interaction for this
gene-line combination, differences among normalizers were less pronounced than those for
the other targets. For CYP72A219 in SU2 on D3, the composite normalizer again produced
the largest fold changes, with GAPDH or HEL yielding significantly smaller estimates
(Figure 4C). SU6 exhibited a similar, but attenuated pattern.

To benchmark against transcriptome trends from the concurrent RNA-seq data, con-
cordance between RT-qPCR fold changes and RNA-seq fold changes for identical gene—
line-time combinations was quantified (Table 4). Overall, the composite CACS+UBI-1
demonstrated the strongest agreement for LOX (r = 0.926, CCC = 0.889) and CYP72A219
(r = 0.778, CCC = 0.676). For HsfC1, the concordance was high for both CACS+UBI-1
(CCC =0.765) and HEL (CCC = 0.773). In contrast, GAPDH consistently underperformed
across targets (LOX: r = 0.414, CCC = 0.168; CYP72A219: r = 0.224, CCC = 0.080; HsfC1:
r=0.495, CCC = 0.485).

Table 4. Concordance between RT-qPCR and RNA-seq fold-changes for three drought-responsive
genes under different reference gene used for normalization in cucumber.

Re(f;e:ggce DEG Pearson r p-Value (1) Spearman p p-Value (p) Lin’s CCC ?{(ic[lg%
LOX 0.926 1.52 x 10~ 0.874 3.09 x 10~4 0.889 0.368

CACS+UBI-1 HsfC1 0.904 536 x 107° 0.804 2.75 x 1073 0.765 0.419
CYP72A219 0.778 2.86 x 1073 0.662 1.90 x 1072 0.676 0.637

LOX 0.760 412 x 1073 0.706 1.33 x 1072 0.387 0.663

HEL HsfC1 0.784 2.52 x 1073 0.671 2.04 x 1072 0.773 0.629
CYP72A219 0.811 138 x 1073 0.588 441 x 1072 0.369 0.589

LOX 0.414 1.81 x 1071 0.329 2.96 x 1071 0.168 1.040

GAPDH HsfC1 0.495 1.02 x 1071 0.601 4.28 x 1072 0.485 0.962
CYP72A219 0.224 484 x 107! 0.088 7.87 x 1071 0.080 1.190

The table summarizes the agreement between RT-qPCR and RNA-seq fold changes (drought vs. matched
control) for LOX, HsfC1, and CYP72A219 calculated under three normalization schemes: a composite, data-
driven normalizer CACS+UBI-1 (geometric mean of CACS and UBI-1), and two low-stability single-gene options
(HEL, GAPDH). Metrics reported are the Pearson correlation coefficient (r) with two-sided p value, Spearman
rank correlation (p) with p value, Lin’s concordance correlation coefficient (CCC), and scaled root-mean-square
error (RMSE) after z-standardization of both methods. A higher r/p/CCC and lower scaled RMSE indicate a
better cross-platform agreement. Values were computed across SU2 and SU6 at D3 and D7 (global comparison;
n = 12 per normalizer-gene combination). Differences between overlapping correlations were assessed using the
Meng-Rosenthal-Rubin test; p-values for prespecified contrasts are reported in Table S3.

To formally compare the HKGs, we employed the Meng—Rosenthal-Rubin test for
overlapping dependent correlations. Overall, CACS+UBI-1 demonstrated superior perfor-
mance compared with GAPDH for LOX (r = 0.926 vs. 0.414; Meng z, p = 0.0034), HsfC1
(0.904 vs. 0.495; p = 0.0046), and CYP72A219 (0.778 vs. 0.224; p = 0.036). The differences
between CACS+UBI-1 and HEL were not significant at « = 0.05 (LOX, p = 0.077; HsfC1,
p =0.096; CYP72A219, p = 0.664). The contrast between GAPDH and HEL was significant
for HsfC1 (p = 0.0077) and borderline for CYP72A219 (p = 0.043) expression.

Collectively, these results demonstrate that (i) employing an empirically stable com-
posite normalizer (CACS+UBI-1) recovers larger and more biologically credible drought
responses; (ii) unstable single-gene references, particularly GAPDH, compress fold changes
and may obscure induction at early timepoints; and (iii) the composite normalizer produces
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RT-qPCR estimates that best align with independent RNA-seq trends. From a practical
perspective, two genes suffice (per geNorm V;/3 = 0.100 < 0.15), and the CACS+UBI-1
combination is recommended for drought response in leaf sample studies in cucumber,
with HEL and GAPDH being discouraged as the sole HKGs.

4. Discussion

RT-qPCR remains one of the most widely used methods to quantify gene expression
changes; however, its accuracy and reliability critically depend on appropriate normaliza-
tion using stable housekeeping genes (HKGs) [6]. Our study aimed to identify suitable
HKGs for RT-qPCR analysis in cucumbers subjected to drought, across drought-tolerant
and drought-sensitive lines, and at multiple timepoints. The results confirm that the stabil-
ity of commonly used HKGs is not universal and that empirical validation under drought
conditions is essential. Across four complementary algorithms (geNorm, NormFinder,
BestKeeper, and the ACt method) and an integrative consensus ranking (RefFinder), CACS
and UBI-1 consistently emerged as the most stable candidates, whereas GAPDH and HEL
were repeatedly classified as unstable. Importantly, we show that the normalization choice
has clear analytical consequences: for three biologically distinct drought-responsive targets
(LOX, HsfC1, and CYP72A219), unstable HKGs compressed fold changes and weakened
agreement with RNA-seq (Klosiriska et al., unpublished data), whereas a stable composite
normalizer (CACS+UBI-1) preserved effect sizes and directionality, yielding the highest
cross-platform concordance.

The necessity of stable HKGs for reliable normalization is well documented and
consistent with our observations. An improper HKG selection can lead to erroneous con-
clusions [45], a risk that we explicitly illustrate by showing how GAPDH and HEL distort
drought response estimates. In line with the recommendations of Pfaffl et al. [15] and Silver
et al. [16], we used multiple algorithms (geNorm, NormFinder, BestKeeper, and the com-
parative ACt method) to comprehensively assess expression stability, rather than relying on
any single metric. Two general principles emerging from broader plant studies support this
strategy. First, different algorithms capture distinct facets of variability; thus, convergence
across methods ensures more dependable HKG recommendations [8,10]. Second, the opti-
mal number of HKG should be empirically determined (e.g., geNorm'’s pairwise variation
analysis) rather than assumed a priori [7,20]. In rice, studies on drought or heavy metal
exposure showed that the optimal number of HKG varied with experimental heterogeneity,
wherein two genes often sufficed for uniform conditions, but three or more were required
across genotypes or tissues [12,13,21]. These general rules provide a conceptual framework,
but still require crop- and stress-specific validation. In our experiment, geNorm pairwise
variation analysis indicated that two genes were sufficient under the tested drought regime,
and NormFinder independently identified CACS+UBI-1 as the best two-gene combina-
tion, which agreed with the concept of geometric averaging of multiple internal controls
proposed by Vandesompele et al. [7].

Among the initial 13 candidate HKGs, we identified CACS, UBI-1, and TIP-41, which
proved to be the most suitable candidates for normalizing RT-qPCR data in cucumber
leaves under drought conditions. In contrast, ACT, which is often used as a reference
gene in cucumber gene expression studies [46,47], ranked lower in stability in our analysis,
reinforcing the notion that legacy HKGs should not be adopted uncritically. Several studies
have shown that classical HKGs are not universally stable and that their performance is
highly condition-specific [2,45,48,49]. A foundational survey in cucumber under various
stress conditions (short-term metal treatments, hormone treatments with salicylic acid,
methyl jasmonate, abscisic acid, indole-3-acetic acid, infection by Pseudoperonospora cubensis,
and salt/drought stress) identified CACS, TIP41-like, and UBI-1 as outperforming traditional
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choices such as ACT, TUB, and UBQ variants, with EF1x among the few classical HKGs
with good stability [28,50]. Similarly, Expésito-Rodriguez et al. [51] highlighted UBI-1 as a
reliable reference gene across different tomato tissues, suggesting that ubiquitin-related
genes can provide robust normalization across Solanaceae and Cucurbitaceae species. In
tomato, no single gene proved uniformly stable under varying nitrogen availability, cold, or
light stress; instead, RPL2, PP2Acs, ACT, and UBI ranked highly when considered together,
and geometric averaging of multiple references was recommended [20]. Under varying
access to nitrogen supply, CACS, TIP41-like, F-BOX, and EF1x emerged as the preferred
HKGs [34], mirroring our drought time course in which CACS performed well and TIP41-
like appeared as a reasonable secondary option. In cucumber-pumpkin graft systems
spanning multiple organs and conditions, CACS was among the top performers [29]. For
biotic stresses, optimal HKGs diverge with the pathosystem, and during Meloidogyne
incognita infection, EF1x and UBI ranked best, whereas CACS topped rankings under
Pseudomonas sp. treatment [30]. In cucumber green mottle mosaic virus (CGMMYV) infection,
EF1a and GAPDH were recommended for miRNA RT-qPCR across leaf, stem, and root
tissues [33], which is in contrast with our finding that GAPDH is unsuitable for mRNA
normalization under drought conditions in leaves. During viral infections in tomato, HKG
rankings differed among tissues and pathogens, but integrating geNorm, NormFinder, and
BestKeeper yielded consistent results [8]. In cucumber infected with Phytophthora melonis,
HKGs stability was substantially reordered, which demonstrated that control-condition
reference genes cannot be assumed to be stable during pathogen challenge [47]. This
discrepancy illustrates that HKG performance depends not only on species and tissue but
also on the target RNA class (nRNA vs. small RNA) and type of stress.

Similar patterns have been reported for other crops. In potato, EF1x and SEC3 outper-
formed classical HKGs under stress conditions [9]. Grapevine studies have extended this
approach to both mRNA and small RNA assays: UBC, VAG, and PEP were generally stable
for mRNA, whereas EF1a and CYP were contextually superior for specific pathogens [10]
and distinct reference sets (miR160e + miR164a, miR160e + miR168, and ACT + UBQ +
GAPDH) are required for miRNA quantification under salt, cold, and drought stress [11].
Our observation that GAPDH and HEL are among the least stable candidates under drought
conditions resonates with findings from Arabidopsis, where these genes were also shown to
be unreliable under some conditions [22]. Together, these studies and our results emphasize
that classical HKGs such as ACT or GAPDH should not be used by default and that stability
must be carefully evaluated for each experimental context.

Our study had several limitations that define the scope of our conclusions. First,
we focused exclusively on leaf tissues under a defined drought regime for up to 7 days.
As a result, the generalizability of our reference gene set to other organs (e.g., roots,
stem, flowers). Other organs or distinct stress factors (salt, cold, pathogen exposure,
or combined stresses) may display different stability patterns, and dedicated validation
would be required in those contexts, although CACS and UBI-1 emerge as strong starting
candidates based on both our data and previous studies [24-26,45,48]. Second, the duration
and dynamics of stress were limited to an acute time course; longer or cyclic droughts might
induce additional shifts in gene expression and potentially alter the HKG rankings. Thirdly,
we evaluated two lines with contrasting drought responses. This increases the relevance
of our findings for genetically divergent materials, but broader surveys in additional
cultivars would be valuable to test how widely the CACS+UBI-1 combination can be
generalized. Finally, functional validation was carried out using three drought-responsive
targets. Although these genes represent distinct biological processes, extending such
analyses to a larger panel of targets would further strengthen the conclusions. In future
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studies, we plan to validate the stability of HKGs in additional cucumber tissues, such as
roots, to extend the applicability of our findings beyond leaf-specific expression profiles.

Despite these limitations, our study establishes a clear methodological baseline for RT-
qPCR normalization in drought-stressed cucumber leaves and provides practical guidance
for future studies. The validated reference genes CACS and UBI-1, identified here as highly
stable under drought, formed a robust two-gene normalizer for this experimental context,
with TIP41-like as a promising secondary candidate. This framework is readily extendable to
other tissues and stresses, provided that stability is re-evaluated, as recommended in earlier
studies [28-30,52]. The expanding availability of cucumber genomic and transcriptomic
resources offers the opportunity to integrate empirically validated HKGs with large-scale
RNA-seq datasets to refine our understanding of stress-responsive gene networks [23,27,53].
Combining the stability framework established here with ongoing transcriptomic studies
could enable cross-validation of drought-responsive genes across multiple genotypes and
environmental conditions [24-26,54,55], thereby improving the robustness of differential
expression analyses and facilitating meta-analyses across laboratories and stress models.

From an applied perspective, these findings have direct implications in cucumber
breeding. Accurate normalization of stress-responsive genes will improve marker discov-
ery and candidate gene validation in molecular breeding pipelines aimed at enhancing
drought tolerance [26,31,53]. The identification of stable reference genes supports the
design of robust expression assays for genes implicated in ABA signaling, osmotic ad-
justment, and ROS regulation, which are key processes underlying drought resilience in
cucurbits [24,25,56,57]. Future research should evaluate these reference genes in multi-
stress scenarios (e.g., drought-salt or drought-pathogen combinations) and diverse genetic
backgrounds. Ultimately, the development of a standardized normalization framework
anchored on empirically validated HKGs will enhance reproducibility across studies and ac-
celerate the translation of molecular insights into practical breeding outcomes for improved
drought tolerance in cucumbers and related species [27,29,30,34].

5. Conclusions

This study demonstrated that the stability of commonly used housekeeping genes
in cucumber is strongly context-dependent and cannot be assumed under drought stress.
Using four complementary algorithms and an integrated RefFinder ranking, we identified
CACS and UBI-1 as the most stable reference genes for RT-qPCR normalization in drought-
stressed cucumber leaves, with TIP41-like as a promising secondary candidate, whereas
GAPDH and HEL were unsuitable as single normalizers.

Functional validation with three drought-responsive targets (LOX, HsfC1, and
CYP72A219) and concurrent RNA-seq data showed that the composite CACS+UBI-1 normal-
izer preserved biologically credible fold changes and achieved the highest cross-platform
concordance, whereas unstable references compressed or distorted the drought responses.
Together with the geNorm pairwise variation analysis indicating that the two reference
genes are sufficient under the tested conditions, these findings provide a robust, empirically
validated normalization framework for drought studies in cucumber leaves and a practical
basis for more reliable expression analyses in stress biology and breeding programs target-
ing improved drought tolerance. Their use in other organs should, however, be preceded
by organ-specific stability assessments.

Supplementary Materials: The following supporting information can be downloaded from https:
//www.mdpi.com/article/10.3390/agronomy15122811/s1, Figure S1. Primer specificity of target
genes in cucumber leaves under drought stress. (A) Analysis of PCR-generated amplicons on agarose
gel; M, GeneRuler 100 bp DNA Ladder (Thermo Fisher Scientific, Waltham, MA, USA; fragment
sizes 100-1000 bp). (B) High-resolution melting (HRM) derivative curves for the same target genes
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across all samples, showing single sharp melting peaks and no evidence of primer-dimer formation
or nonspecific products, thereby confirming assay specificity. Figure S2. RNA-seq-based fold changes
in CYP72A219, HsfC1 and LOX in drought-tolerant (SU2) and drought-sensitive (SU6) cucumber
lines at 3 and 7 d of drought; Table S1. Primer sequences and qPCR performance parameters for
drought-responsive target genes used in RT-qPCR validation in cucumber; Table S2. Two-way
ANOVA for the effects of the reference gene (HKG), treatment (TRT; sampling timepoint, D3 vs.
D7), and their interaction (HKG x TRT) on fold change (FC; drought vs. control) of target genes in
the two cucumber lines (SU2, SU6). Table S3. Comparison of overlapping dependent correlations
(Meng-Rosenthal-Rubin test) between RT-qPCR and RNA-seq fold changes under different reference
gene (HKG) normalizers.
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Abbreviations

ABA Abscisic Acid

ANOVA  Analysis of Variance

BH Benjamini-Hochberg

CCC Lin’s concordance correlation coefficient
Ct Cycle Threshold

DEG Differentially Expressed Gene

DNA Deoxyribonucleic Acid

FDR False Discovery Rate

HKG Housekeeping Gene

MIQE Minimum Information for Publication of Quantitative Real-Time PCR Experiments
RMSE Root Mean Square Error

RIN RNA Integrity Number

RNA-seq RNA Sequencing

ROS Reactive Oxygen Species

RT-qPCR  Reverse Transcription Quantitative PCR

Appendix A

RNA-seq was performed on the same experimental cohort of SU2 and SU6 plants used
for RT-qPCR to enable the cross-platform validation of drought-responsive genes (Klosiriska
et al., unpublished data). Briefly, total RNA from leaves representing six experimental
groups (two genotypes sampled under one control condition and two drought timepoints),
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each with three biological replicates, was used to construct strand-specific libraries with
the NEBNext Ultra II Directional RNA Library Prep Kit for Illumina (New England Biolabs,
Ipswich, MA, USA). Sequencing was performed on an Illumina NovaSeq 6000 platform
(IIumina, San Diego, CA, USA) to generate paired-end 2 x 150 bp reads.

Raw reads were quality-filtered and trimmed using Cutadapt (v.1.18) [58] and read
quality was assessed using FastQC [59]. Clean reads were aligned to the C. sativus reference
Gy1l4 v2.1 genome [35] using HISAT? (v.2.1.0) [60] with the parameter RNA-strandness RF
to account for strand-specific library preparation. Read counts per gene were obtained using
HTSeqg-count (v.0.10.0) [61] in stranded mode. Differential expression between defined
experimental groups was analyzed in R [39] using DESeq2 (v.3.22) [62], with p-values
adjusted for multiple testing according to the Benjamini-Hochberg false discovery rate
(FDR) correction [63].

The RNA-seq experiment was conducted as part of a broader study on drought
responses in cucumbers (Klosiriska et al., unpublished data). In the present study, RNA-seq
results were used solely to identify and obtain fold-change estimates for three representative
drought-responsive genes (LOX, HsfC1, and CYP72A219) employed for RT-qPCR validation
(Section 2.6). In the context of the present study, the RNA-seq dataset served exclusively
to provide unbiased estimates of transcriptional responses for three biologically relevant
drought-responsive targets: LOX, HsfC1 and CYP72A219. These transcriptomic fold-change
estimates were used as an external benchmark for evaluating the performance of alternative
RT-gPCR normalization strategies and were not interpreted beyond their role in cross-
platform validation.
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