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Introduction

Increasing global warming has made heat stress a serious threat to crop productivity and global food security in recent years. One of the most promising solutions to address this issue is developing heat-stress-tolerant plants. Hence, a thorough understanding of heat stress response mechanisms, particularly molecular ones, is crucial.





Methods

Although numerous studies have used microarray expression profiling technology to explore this area, these experiments often face limitations, leading to inconsistent results. To overcome these limitations, a random effects meta-analysis was employed using advanced statistical methods. A meta-analysis of 16 microarray datasets related to heat stress response in Arabidopsis thaliana was conducted.





Results

The analysis revealed 1,972 significant differentially expressed genes between control and heat-stressed plants (826 over-expressed and 1,146 down-expressed), including 128 differentially expressed transcription factors from different families. The most significantly enriched biological processes, molecular functions, and KEGG pathways for over-expressed genes included heat response, mRNA splicing via spliceosome pathways, unfolded protein binding, and heat shock protein binding. Conversely, for down-expressed genes, the most significantly enriched categories included cell wall organization or biogenesis, protein phosphorylation, transmembrane transporter activity, ion transmembrane transporter, biosynthesis of secondary metabolites, and metabolic pathways.





Discussion

Through our comprehensive meta-analysis of heat stress transcriptomics, we have identified pivotal genes integral to the heat stress response, offering profound insights into the molecular mechanisms by which plants counteract such stressors. Our findings elucidate that heat stress influences gene expression both at the transcriptional phase and post-transcriptionally, thereby substantially augmenting our comprehension of plant adaptive strategies to heat stress.
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1 Introduction

In recent years, global warming has emerged as a critical consequence of climate change, and it poses a significant threat to crop productivity worldwide (Abbas et al., 2018). The rising temperatures, which often surpass the optimal tolerance range for plants, result in what’s known as heat stress -a major abiotic stressor. This condition significantly affects plant growth and overall agricultural output (Li et al., 2011). Heat stress induces oxidative stress and ultrastructural alterations in various plant parts, causing membrane fluidization, lipid bilayer disintegration (Los et al., 2013), unsaturated fatty acid peroxidation, and the promotion of reactive oxygen species (Boca et al., 2014). These affect photosynthesis and nutrient uptake and reduce plant growth and yield (Ali et al., 2020).

To mitigate future risks to global food security, the development of heat-tolerant crops with enhanced productivity holds great promise. Understanding the physiological, molecular, and genetic mechanisms that govern the response to heat stress in model plants is of great value. It can offer insights into improving heat stress tolerance in other plant species, including important agricultural crops (Singh et al., 2019). Consequently, it is crucial to investigate potential mechanisms enabling plants to respond to heat stress and identify genes involved in this response. Despite extensive use of transcriptional profiling assays to identify heat stress-related genes and potential tolerance-inducing mechanisms, there remains a substantial unexplored territory regarding signaling pathways, plant hormones, and transcription factors (TFs) associated with heat stress response (Zhao et al., 2020). Furthermore, the outcomes of these studies often exhibit inconsistencies and fail to fully capture the real-world heterogeneity due to variations in transcript levels resulting from environmental conditions and plant development. Additionally, the high cost of analysis often limits the number of repetitions considered in studies, typically allowing only two (Haynes et al., 2017; Zhang et al., 2017).

Meta-analysis represents a potent approach that effectively mitigates the limitations often encountered in individual expression profiling studies. It plays a pivotal role in enhancing the reproducibility and reliability of results by enhancing statistical power for detecting expression changes, thus providing a more robust and precise identification of differentially expressed genes (DEGs) (Haynes et al., 2017). Microarray technology has been extensively employed to investigate the heat stress response in Arabidopsis thaliana, producing vast datasets amenable to meta-analyses. These meta-analyses are important in the quest to pinpoint key genes and elucidate the mechanisms vital to the plant’s response to heat stress. In this context, this study is dedicated to the identification of genes exhibiting both upregulation and downregulation in response to heat stress. Furthermore, we explored how biological processes, molecular functions, and pathways are affected by the identified DEGs in both upregulated and downregulated directions.




2 Materials and methods



2.1 Dataset collection and processing

In this study, the Gene Expression Omnibus (GEO) (Edgar et al., 2002) and ArrayExpress (AE) (Brazma et al., 2003) databases were utilized to select A. thaliana expression profiling datasets related to heat stress conditions. Searches were conducted using the keywords “heat stress“, “heat shock“, and “abiotic stress“ and filtering results by “Arabidopsis thaliana“ and “Expression Profiling by Array“. Abstracts and keywords of the datasets were carefully examined, and only datasets meeting all the following criteria were used for meta-analyses:

	Dataset derived from mRNA expression profiling using single-channel microarray technology: Single-channel microarrays are widely used for gene expression profiling, making it easier to combine and compare data from different sources.

	Probe-gene mapping annotation from the Affymetrix platform [http://www.affymetrix.com/technology/index.affx]: It is a well-established and reputable microarray platform. Its use allows for consistent annotation and interpretation of gene expression data and reduces platform-specific complications.

	At least two controls and two case samples: The presence of multiple replicates in each dataset allows for assessing the heterogeneity of effects across datasets.

	Control samples originated from plants not exposed to heat stress or any other stress, while case samples originated from plants exposed solely to heat stress.

	Processed gene expression data: To reduce the data complexity and ensures data consistency across the selected datasets.



Each dataset was manually curated to exclude samples exposed to other treatments than heat stress, even in combination. The random-effects meta-analysis was used to account for the presence of heterogeneity, including factors such as light intensity, humidity, recovery time, and plant age , allowing the combination of different studies (Borenstein et al., 2009). To find out how mutant samples affected the different results, two meta-analyses were done: one with all the chosen samples, and the other with only wild-type A. thaliana samples, leaving out the mutant samples.

We downloaded the expression data and all available annotations for the selected datasets from AE database. The GEO datasets were automatically obtained using the MetaIntegrator package (Haynes et al., 2017). Classes (1 for heat stressed samples and 0 for control samples) were manually assigned for each dataset. For all selected datasets, the normalization was unnecessary, as the median values of the samples were similar within each dataset, and the data was already in log scale due to expression values ranging from 0 to 15.




2.2 Meta-analysis and differentially expressed genes identification

A flowchart was created to summarize the meta-analysis methodology employed in this study (Figure 1). The meta-analysis of the selected microarray datasets was conducted using the MetaIntegrator R package. Hedges’ g effect size (Borenstein et al., 2009) was calculated for each gene in each dataset to determine the effect size (ES). The computed ESs were combined using a random-effects model with the inverse-variance method to obtain the summarized effect size (SES). The p-value for each gene was calculated using z-statistics based on a standard normal distribution, using the SES and its corresponding standard error (Khatri et al., 2013). To minimize false-positive results, p-values were adjusted for multiple hypothesis testing using the Benjamini-Hochberg False Discovery Rate (FDR) correction (Benjamini and Hochberg, 1995). Cochran’s Q value was also calculated to assess the heterogeneity of the ES estimates between datasets. Cochran’s Q p-value was computed and adjusted with the Benjamini-Hochberg FDR correction (Haynes et al., 2017).




Figure 1 | Methodology Flowchart for the Conducted Meta-Analyses.



DEGs involved in the heat stress response were identified using the FilterGenes function in the MetaIntegrator R package by adjusting filtering parameters. The cutoffs for the absolute value and the false discovery rate (FDR) of the SES were 1 and 0.001, respectively. The gene must show consistent over- or under-expression across all included datasets to be included in the DEGs list. To examine the heterogeneity of gene expression among different selected datasets, the heterogeneity of the ES was chosen as a cutoff of 0 to retain heterogeneously expressed genes and a cutoff of 0.05 to remove all significantly heterogeneous genes.




2.3 Visualizing and validating the resulting DEGs

The performance of the identified DEGs in the conducted meta-analyses was evaluated to differentiate between heat-stressed samples and control samples in each dataset. This evaluation involved validation of specificity and sensitivity using Receiver Operating Characteristic (ROC) curves and Area Under the ROC Curve (AUC) measurements, facilitated by the MetaIntegrator R package. To display the ES of the obtained DEGs across different datasets and offer an overview of the expression profiles of the selected DEGs in all datasets, a heatmap was generated using the MetaIntegrator R package.




2.4 Gene ontology annotation and pathway analysis

GO terms facilitate an understanding of the fundamental biological processes and molecular functions mediated by genes. The g:Profiler database (Raudvere et al., 2019) was used to perform GO enrichment analysis for both over-expressed and down-expressed genes with a significant p-value < 0.05 to uncover significantly enriched biological processes and molecular functions.

The identified DEGs were converted to TAIR-LOCUS using Gene ID conversion in the g:Profiler platform, as the Affymetrix Arabidopsis ATH1 Genome Array [ATH1-121501] uses open reading frames (ORFs) to map probe sets. Unknown ORFs in this database were manually matched using available information from the GPL198 platform in the GEO database.

The REVIGO database (Supek et al., 2011) and Treemap R package were employed to summarize extensive and complex lists of biological process GO terms by identifying a representative subset of these terms using a clustering algorithm based on semantic similarity measures. Pathway enrichment analysis for DEGs was conducted based on the Kyoto Encyclopedia of Genes and Genomes (KEGG) using the DAVID v.6.8 database (Huang et al., 2009).




2.5 Identifying transcription factors

The list of A. thaliana TFs was obtained from the Plant Transcription Factor Database PlantTFDB v5.0 (Jin et al., 2017). The identified DEGs were then matched with the TFs list using the merge function in R to pinpoint over- and down-expressed TFs.




2.6 Co-expression network analysis

To identify DEGs with similar expression patterns and hub genes, we used the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) v11.0 database (Szklarczyk et al., 2019). We used co-expression evidence from the String database. This database relies on extensive gene-by-gene correlation tests from a vast array of gene expression datasets. These datasets are compiled by processing and mapping numerous experiments archived in GEO database as described by Franceschini et al. (2013).

The complete list of detected DEGs was submitted, including upregulated and downregulated genes. We set the organism to A. thaliana and the co-expression network analysis was conducted by setting the minimum required interaction score to the highest confidence level (0.9). Additionally, we concealed disconnected nodes within the network for enhanced clarity. Nodes represent the encoded proteins, while edges indicate significant co-expression scores. Using Cytoscape software (3.10.1), hub genes were identified based on their extensive connectivity within the network (Shannon et al., 2003).




2.7 Computing platform

We used high-performance computing through an account with access to the HPC-MARWAN computing cluster [https://www.marwan.ma/index.php/services/hpc] to perform all analyses. The necessary statistical calculations were conducted using the R programming language (version 3.6.2), which can be downloaded from [https://cran.r-project.org/], along with associated packages.





3 Results



3.1 Dataset selection

Using the keywords mentioned in the Materials and Methods section and filtering for A. thaliana and Expression Profiling by Array, we found 54 and 58 related datasets in the GEO and AE databases, respectively, with 37 found in both databases. Out of the 75 datasets, 19 met all the criteria specified in the Materials and Methods section (17 from GEO database and 2 from AE database) with the following accession numbers: GSE112161, GSE103398, GSE83136, GSE63372, GSE63128, GSE58620, GSE58616, GSE44053, GSE44655, GSE26197, GSE26266, GSE19603, GSE12619, GSE16222, GSE6154, GSE4760, GSE4062, E-MEXP-1725, and E-MEXP-98. These datasets consisted of 214 samples (including mutant samples), with 92 control samples (untreated plants) and 122 case samples (exposed to heat stress).

All selected datasets were published between 2004 and 2019 and derived from the Affymetrix Arabidopsis ATH1 Genome Array [ATH1-121501] [https://www.ncbi.nlm.nih.gov/geo/info/geo_affy.html]. The datasets included samples from whole seedlings, shoots, and leaves that ranged from 4 and 58 days of age. Control plants were maintained at temperatures between 20 and 24°C, while heat-stressed plants (cases) were exposed to temperatures ranging from 30 to 44°C for 30 minutes to 1 day, with or without recovery time whether in light or dark conditions (Table S1).




3.2 Microarray meta-analyses including/excluding mutant samples

A gene is considered differentially expressed between control and heat-stressed samples when it meets specific criteria. First, the absolute SES value must be greater than or equal to 1. Second, the SES FDR should be less than or equal to 0.001. In addition, the gene is required to show significant over- or under-expressed in all used datasets.

Two meta-analyses were performed, one including samples from mutant plants and the other excluding them (Table 1). In the meta-analysis that included mutant samples (encompassing 19 datasets, 218 samples with 92 controls and 126 cases), a total of 2779 differentially expressed genes were identified (1038 over-expressed and 1741 under-expressed). However, when significantly heterogeneous DEGs were removed by adjusting the heterogeneity threshold to 0.05 in the filtering parameters only 473 genes (177 over-expressed and 296 under-expressed) were detected as DEGs. In this case, 82.97% of the DEGs were found to be heterogeneous across the datasets. Tables S2 and S3 provide lists of DEGs (with and without heterogeneous DEGs, respectively), along with their SESs and Cochrane’s Q values with their respective FDRs.


Table 1 | DEGs obtained under different meta-analysis conditions, with keeping or removing significantly heterogeneous genes.



In the meta-analysis excluding mutant samples (including 18 datasets, 131 samples with 56 controls and 75 cases), 2008 DEGs were identified (862 over-expressed and 1145 under-expressed). After the removal of significantly heterogeneous DEGs, 1998 DEGs remained (853 over-expressed and 1145 under-expressed). In this case, only 0.49 % of the DEGs were found to be heterogeneous across the datasets. Tables S4 and S5 present the lists of DEGs and all associated statistics for this second meta-analysis, both with and without heterogeneity removal. Notably, the first meta-analysis exhibited a much higher rate of heterogeneous DEGs, whereas the second meta-analysis had a very lower rate (0.49%).




3.3 Assessment of identified DEGs

A heatmap was created for the selected DEGs from both the first and second, meta-analyses using the MetaIntegrator R package. This visualization enabled the comparison of expression patterns for selected genes across different datasets and provided an overview of the selected DEGs’ expression profiles in all datasets. The heatmap revealed that the expression patterns of datasets E-MEXP-1725 and E-MEXP-98 were inconsistent with other datasets and the combined expression pattern. These discrepancies became more apparent after removing mutant samples (Figure S1).

The meta-analysis was conducted without including mutant samples, as well as excluding the E-MEXP-1725 and E-MEXP-98 datasets (comprising 16 datasets, 123 samples with 52 controls, and 71 cases). This analysis resulted in 1986 DEGs, with 838 over-expressed and 1148 under-expressed (Table 1). After removing significant heterogeneity, 1972 DEGs were obtained: 826 over-expressed and 1146 under-expressed. Tables S6 and S7 list the DEGs and their associated statistics for this third meta-analysis, both with and without heterogeneity removal.

Given the varied nature of results stemming from the inclusion of mutant samples and the inconsistent findings in the E-MEXP-1725 and E-MEXP-98 datasets, we focused exclusively on the differentially expressed genes (DEGs) derived from the third meta-analysis. This involved excluding all mutant samples, excluding the E-MEXP-1725 and E-MEXP-98 datasets, and removing genes showing significant variability. These selected DEGs were then used for further analysis in this research. Table S7 includes the whole list of DEGs. Additionally, Figure S2 displays a heatmap illustrating the ES of the 1972 significant DEGs identified in the meta-analysis across the 16 selected datasets. The heatmap in the Figure 2 illustrate the most prominently upregulated and downregulated DEGs among these 16 datasets.




Figure 2 | Heatmap of Prominently Upregulated and Downregulated DEGs in Meta-Analysis Across 16 Datasets (Effect Size > 2, FDR < 10-9, Heterogeneity Cutoff ≤ 0.05).



The Receiver Operating Characteristic Curve (ROC-Curve) and the pooled Area Under the Curve (AUC) were employed to evaluate the performance of the selected DEGs in discriminating between heat-stressed samples and control samples across the 16 datasets used in the meta-analysis. Out of the sixteen datasets, fifteen exhibited excellent AUC values (100%), while the remaining one demonstrated a high AUC (91.7%). The pooled AUC of the selected 16 datasets reached 91% (Figure 3).




Figure 3 | ROC Curves for Individual Datasets and Pooled ROC Curve with AUC Determination and Pooled AUC with Standard Error within 95% Confidence Interval for Selected DEGs in Response to Heat Stress in A. thaliana.







4 Gene ontology enrichment analysis



4.1 Enriched biological processes

>For over-expressed genes, 109 biological processes (BPs) were significantly enriched by 826 genes. The most critical processes were: response to heat (GO:0009408), protein folding (GO:0006457), and response to temperature stimulus (GO:0009266), with p-values of 1.51×10-34, 1.19×10-19, and 3.24×10-18, respectively. In contrast, 69 significant BPs were enriched by 1146 under-expressed genes. The most critical among them were transmembrane transport (GO:0055085), carbohydrate metabolic process (GO:0005975), and cell wall organization or biogenesis (GO:0071554), with p-values of 2.24×10-12, 5×10-10, and 2.02×10-8, respectively (Tables S2, 3).

The REVIGO database and Treemap R package were employed to summarize the extensive lists of BP GO terms obtained. The summarized results are presented in Figures 4A, B, where different colors represent superclusters and rectangle sizes are adjusted to reflect the p-value. The 109 enriched BP terms for over-expressed genes were condensed into 9 superclusters, with the most important being responses to heat (18 subsets), mRNA splicing via spliceosome (12 subsets), and chaperone-mediated protein folding (4 subsets). A similar process was conducted for the 69 BP GO terms for under-expressed genes, resulting in 13 superclusters. Protein phosphorylation, ion transmembrane transport, and secondary metabolite biosynthesis were the most represented, with 9, 7, and 12 subsets, respectively.




Figure 4 | REVIGO Treemap Analysis of Biological Process GO Terms for Over-Expressed (A) and Down-Expressed (B) Genes in A. thaliana Using Treemap R Package: Clustering Algorithm Based on Semantic Similarity Measures, Superclusters Visualization, and P-Value Representation.






4.2 Enriched molecular functions

We also used g:Profiler to do Molecular Function (MF) gene ontology enrichment for both over- and under-expressed genes, with a 0.05 p-value cutoff. From the eight molecular functions enriched for over-expressed genes, unfolded protein binding (GO:0051082), heat shock protein binding (GO:0031072), and misfolded protein binding (GO:0051787) were the top three enriched functions, with adjusted p-values of 1.30×10-13, 6.24×10-13, and 2.66×10-07, respectively. Among the 26 enriched molecular functions for under-expressed genes, transmembrane transporter activity (GO:0022857), transporter activity (GO:0005215), and ion transmembrane transporter activity (GO:0015075) were the most enriched, with adjusted p-values of 9.82×10-13, 2.40×10-11, and 7.42×10-09, respectively (Table 2).


Table 2 | List of molecular function GO terms enriched for the over- and down-expressed genes with a p-value <0.05 in response to heat stress in A. thaliana.






4.3 Enriched KEGG pathways

KEGG pathways for over- and under-expressed genes were identified using the DAVID database, with an FDR < 0.05. The top three significant KEGG pathways enriched for over-expressed genes were Ath03040: Spliceosome, Ath04141: Protein processing in the endoplasmic reticulum, and Ath03050: Proteasome, with FDR values of 1.43×10-14, 2.96×10-09, and 0.046959, respectively. Six significant KEGG pathways were identified for under-expressed genes, with the most enriched pathway being ath01110: Biosynthesis of secondary metabolites, with an FDR of 1.99×10-4 (Table 3).


Table 3 | Enriched KEGG pathways by over and down- DEGs with an FDR < 0.05 in response to heat stress in A. thaliana.






4.4 Over- and under-expressed transcription factors in response to heat stress

Identifying TFs is crucial for understanding the heat stress response mechanism in A. thaliana. In this species, 1717 loci encode 2296 TFs, classified into 58 families according to the PlantTFDB (Jin et al., 2017). Over and under-expressed TFs in response to heat stress were identified among the DEGs. The TF encoded by each gene was determined using STRAING v.11 (Table 4). From 1972 DEGs obtained through meta-analysis in response to heat stress, 128 (6.49%) genes encode TFs belonging to 35 families, with 50 over-expressed and 78 under-expressed TFs. The highest number of over-expressed TFs belonged to the Ethylene Responsive TFs family (ERF) with 9 genes, followed by the bZIP family with 8 genes, and the Heat Shock Factor family (HSF) with 7 genes. The largest number of under-expressed TFs belonged to the bHLH family with 7 genes, followed by the MYB family with 6 genes, and the ARF, MYB-related, and GRAS families, each with 5 genes. The GRAS, WRKY, G2-like, GATA, NAC, C2H2, MYB-related, C3H, NF-YB, Trihelix, ERF, and bZIP families contained both over- and under-expressed genes. Notably, only under-expressed TFs were detected in the LBD, LSD, MIKC-MADS, NF-YA, HD-ZIP, Nin-like, SBP, and ZF-HD.


Table 4 | Over- and down-expressed TFs in response to heat stress in A. thaliana.






4.5 Co-expression network analysis

We utilized the complete list to explore their co-expression interactions via the String v.11 platform. By setting the minimum required interaction score at the highest confidence level (0.9), we identified 266 edges connecting the 1959 submitted genes. Notably, 10 genes with a high degree of centrality emerged as hub genes using Cytoscape (v 3.10.1), indicating their extensive connectivity within the network. These hub genes include Imp4, Eda7, At5g08420, Rh36, At3g12050, At1g12650, Atpd, Eda14, Pae1, and Sqn, each scoring 16, 14, 11, 11, 11, 10, 10, 10, 10, and 10, respectively (Figure 5). In the network, nodes represent genes, while edges represent interactions based on co-expression evidence.




Figure 5 | Network Analysis of Selected DEGs Identifying 10 Hub Genes (IMP4, EDA7, AT5G08420, RH36, AT3G12050, AT1G12650, ATPD, EDA14, PAE1, SQN) with High Network Connectivity.







5 Discussion



5.1 Identified DEGs

There is no doubt that the analysis of genes and mechanisms involved in heat stress in plants is crucial for the development of heat-tolerant crops in the context of global warming. To this purpose, we considered that the meta-analysis using transcriptomic data is a very useful tool for several reasons. Firstly, variations in transcript levels due to environmental conditions and plant development can cause differences in gene expression across similar studies. Secondly, the high cost of analysis often limits the number of repetitions considered in studies (usually only two). Thirdly, identifying significant genes through meta-analysis of independent studies addressing the same biological question provides a statistically robust strategy (Balan et al., 2018). In this work, we aimed to highlight key biological processes, molecular functions, and pathways associated with the heat stress response in A. thaliana and to suggest candidate genes as heat stress biomarkers using a random effects meta-analysis.

Performing meta-analysis exclusively on wild type A. thaliana was the optimal approach to identify the most consistent differentially expressed genes (DEGs) since the mutant plants in this study increased result heterogeneity. This was demonstrated by comparing the meta-analysis heterogeneity of DEGs when using only wild-type samples (W) or a combination of wild-type and mutant samples (W/M). Heterogeneous DEG rates were 82.98% for W/M, while W yielded a significantly lower heterogeneity rate of 0.5% (Table 1). Including mutant samples introduced significant variability, which posed challenges in the identification of consistent DEGs. Excluding mutant samples allowed us to focus on the responses of wild-type plants to heat stress.

In this study, 1972 genes were identified as differentially expressed in response to heat stress treatment, with 826 (41.59%) over-expressed and 1146 (58.41%) down-expressed under the significance threshold of FDR ≤ 0.001 and an absolute value of SES ≥ 1. Furthermore, these genes exhibited significant over or down-expression without substantial heterogeneity across all 16 datasets used.

We used the Area Under the ROC Curve (AUC) to show how well the chosen DEGs could tell the difference between heat-stressed samples and control samples in the 16 datasets that made up this meta-analysis. Fifteen out of the sixteen datasets exhibited an exceptional AUC value (100%), while the remaining dataset achieved a high AUC (91.7%), leading to a combined AUC value of 91.5%. Consequently, the selected DEGs could distinguish between heat-stressed and non-heat-stressed A. thaliana with an extremely low probability of false positives. This indicates that the expression patterns of the DEGs can differentiate between heat-stressed and non-heat-stressed A. thaliana plants, validating the significant relevance of these DEGs to the heat-stress response (Figure 3).

Among the DEGs, 8 genes were highly over-expressed with an SES greater than 3; At4g23493 was the most over-expressed gene (with a yet unknown function and encoded protein) and had an SES of 3.57. The other most over-expressed genes included At5g25450, At2g29500, At2g20560, Til (AT5G58070), Hsp70 (AT3G12580), At1g53540, and GolS1 (AT2G47180). For the down-expressed genes, At4g25260, Rkl1 (AT1G48480), and Scl22 (At3g60630) (were the top three with an SES less than -2.40. Notably, the Til gene exhibited strong over-expression due to its involvement in thermotolerance, potentially by inhibiting plasma membrane lipid peroxidation caused by intense heat shock. Boca et al. (2014) demonstrated that Til knockout A. thaliana is much more sensitive to heat stress than the wild type. Conversely, At4g25260, At1g48480, and At3g60630 were the most down-expressed genes with an SES less than -2.40 (Table S7, Figure 2).




5.2 Enriched GO terms and TFs

In response to extreme environmental conditions, such as heat stress, plants undergo extensive transcriptomic, proteomic, and metabolic adjustments to adapt and survive. Our meta-analysis revealed the enrichment of several important pathways, molecular functions, and biological processes. As anticipated, the most significantly up-regulated processes included responses to heat, mRNA splicing via spliceosome, protein transport, chaperone-mediated protein folding, and protein folding. On the other hand, processes such as protein phosphorylation, secondary metabolite biosynthesis, anatomical structure morphogenesis, carbohydrate metabolism, organic substance metabolism, response to endogenous stimuli, cell wall organization or biosynthesis, carbohydrate derivative metabolism, and general metabolism were significantly down-regulated in response to heat stress (Table S2, S3, Figures 4A, B). Molecular functions associated with unfolded protein binding, misfolded protein binding, heat shock protein binding, RNA binding, HSP90 protein binding, chaperone binding, and ATPase regulator activity were significantly up-regulated. In contrast, phosphotransferase activity, alcohol group as acceptor, secondary active transmembrane transporter activity, anion transmembrane transporter activity, transferase activity, kinase activity, and symporter activity were the most down-regulated molecular functions under heat stress conditions (Table 2). Spliceosome, protein processing in the endoplasmic reticulum, and proteasome were the significantly up-regulated pathways in this study. Down-regulated pathways in response to heat stress included biosynthesis of secondary metabolites, metabolic pathways, pentose and glucuronate interconversions, amino sugar and nucleotide sugar metabolism, carbon fixation in photosynthetic organisms, and fatty acid elongation (Table 3).

Regarding transcription factors, 128 differentially expressed transcription factors were identified, belonging to 35 families, with 78 being down-expressed and 50 being over-expressed. Among these transcription factor families, bHLH, HSF, ARFs, AP2, TCP, ERF, bZIP, Dof, MYB and MYB-related, C2H2, NAC, and GRAS were the most represented in response to heat stress in this study. Down-expressed transcription factors were detected in the bHLH, ARF, AP2, TCP, MYB, and Dof families, while only over-expressed transcription factors were found in the HSF family.

The AP2 transcription factor family specifically binds to the GCC-box found in the promoters of certain genes. In this family, 30 transcription factors were identified in A. thaliana, and four were found to be significantly down-expressed in this study, including RAP2.7 and SMZ, both of which repress the transition to flowering. Heat stress has been shown to cause a reduction in the number of flower buds for many plants (Ali et al., 2020). Perhaps, reducing the expression of these two repressors could be a strategy developed by A. thaliana to mitigate the impact of heat on floral development. Further studies are needed to confirm this hypothesis.

Auxin response factor (ARF) is a transcription factor family and specifically binds to the DNA sequence 5’-TGTCTC-3’ located in auxin-responsive promoter elements. Five significantly down-expressed transcription factors were detected belonging to the ARF family, including MP, ETT, ARF16, ARF8, and ARF4. Reducing the expression of some transcription factors involved in activating or repressing auxin-responsive genes alters the cellular response to auxin.

The MYB family contains 168 transcription factors in A. thaliana that bind to the DNA in promoter cis-regulatory elements 5’-GGCGCGC-3’ of cell cycle genes. All six significant transcription factors found in this study encoding for the MYB family are down-expressed, including FLP, AT1G49010, AS1, MYB30 (positive regulator of the hypersensitive response induced by pathogens), MYB28 (involved in the upregulation of aliphatic glucosinolate biosynthesis), and MYB16. The bHLH family is the largest family with 225 members. This study highlights seven differentially expressed transcription factors belonging to this family. Similar to ARF, AP2, and MYB transcription factor families, only down-expressed transcription factors were detected in the bHLH family, including SCRM2 (response to deep-freezing), AT1G29950, AT3G07340, AT3G61950 (all involved in regulation of transcription), MYC4 (involved in jasmonic acid gene regulation), BIM1 (positive brassinosteroid-signaling protein), and bHLH071 (possibly involved in stomatal guard cell differentiation).




5.3 Heat stress induces the response to several abiotic stresses

Among the differentially expressed genes (DEGs), we observed 61 DEGs linked to response to heat and 73 DEGs linked to the response to temperature stimulus, exhibiting the lowest p-value of less than 3 x 10-18 among the enriched biological processes GO terms. These findings emphasize the significance of temperature-related stress in A. thaliana’s adaptive mechanisms.

Notably, heat stress is usually associated with oxidative stress and the accumulation of reactive oxygen species in plants (Pucciariello et al., 2012; Fortunato et al., 2023). This could explain the activation of response to oxidative stress and response to hydrogen peroxide biological processes in heat-stressed plants, which help counter the effects of oxidative stress. Additionally, our analysis revealed several other GO terms that highlight the plant’s response to abiotic stimuli, such as heat acclimation, cellular responses to heat and stress, as well as responses to high-light intensity, hypoxia, decreased oxygen levels, and oxygen levels.

Additionally, the Ethylene Responsive Element Binding Factor (ERF) family, with 193 transcription factors in A. thaliana, is involved in response to various abiotic stresses (Xie et al., 2019). Nine over-expressed and three down-expressed genes belonging to this family were detected in this study. The over-expressed ERF transcription factors include CRF7, RAP2.6, RAP2.4, DREB19, AT2G40350, DREB2B, RAP2.2, CRF6, and DREB2A, which are involved in various stress responses and plant development; whereas AT4G16750, AT5G07580, and CRF2, the down-expressed ERF transcription factors, are involved in the development of cotyledons, leaves, and embryos.

It is worth mentioning that a previous study reported commonality in biological processes among different stress conditions in A. thaliana, including drought, heat, and cold stresses. These shared processes included responses to temperature stimulus and responses to heat (Pathania and Kumar, 2022). This suggests that A. thaliana employs overlapping molecular mechanisms to cope with a variety of environmental stresses.




5.4 Heat stress increases the repairing protein damage

Heat Shock Proteins (HSPs) and other chaperones play a crucial role in protein-related processes, including proper folding, stabilizing partially unfolded proteins, and preventing unwanted protein aggregation (Park and Seo, 2015). Our meta-analysis revealed the upregulation of several important pathways, molecular functions, and biological processes related to protein processing. Specifically, the upregulated pathways included Protein processing in endoplasmic reticulum and Proteasome. Moreover, we observed various upregulated molecular functions, such as unfolded and misfolded protein binding, heat shock protein binding, misfolded protein binding, Hsp90 protein binding, and chaperone binding. In parallel, the upregulated biological processes included responses to topologically incorrect proteins, protein folding, and cellular responses to unfolded proteins. These findings underscore the significance of these processes in maintaining proper protein structure and function under heat stress conditions.

Additionally, among the 25 HSF transcription factors identified in A. thaliana, seven were significantly over-expressed in this study (HSFA2, HSFA1E, HSFA7A, AT-HSFA7B, HSF4, HSFA3, and HSFB2A) (Table 4). HSFA2 is involved in the acquisition of heat memory. It has been shown that hsfa2 knockout A. thaliana exhibits a faster decline in heat shock protein (HSP) expression in response to heat stress compared to the wild type (Lämke et al., 2016). HSFA1E is involved in inducing the expression of HSFA2 (Nishizawa-Yokoi et al., 2011). HSF transcription factors stimulate the expression of heat shock proteins (HSPs), which in turn prevent and repair protein damages (Anckar and Sistonen, 2011). In this study, numerous HSPs were identified as highly over-expressed, such as HSP70b, HSP101, HSP70T-2, HSP17.6II, and HSP70, each with an SES greater than 2. Xu et al. (2018) reported the over-expression of HSP70 in all analyzed fine fescue cultivars under heat stress conditions. The over-expression of these proteins is aimed at repairing protein damage caused by heat stress, which also explains the activation of chaperon-mediated protein folding biological pathway, unfolded protein binding molecular function, heat shock protein binding molecular function, and chaperone binding molecular function.




5.5 Heat stress induces alternative splicing

It becomes evident that heat stress exerts a significant impact on gene regulation in plants, not only at the transcriptional level but also through post-transcriptional mechanisms, particularly alternative splicing. Alternative splicing increases the diversity of functional proteins by generating multiple mRNA products from a single pre-mRNA transcript (Xue et al., 2023). The meta-analysis conducted on A. thaliana in this study identified 46 upregulated DEGs associated with RNA splicing under heat stress conditions, emphasizing the importance of this process in the plant’s response to high temperatures. Notably, several biological processes related to mRNA splicing, (mRNA splicing via spliceosome, RNA splicing via transesterification reactions with bulged adenosine as nucleophile, and RNA splicing via transesterification reactions) exhibited significant upregulation (P-value < 1.2 x 10-13), along with the Spliceosome KEGG pathway (P-value < 1.4 x 10-14). These findings underscore the role of alternative splicing as a means to diversify the functional proteins generated from a single pre-mRNA transcript under heat stress conditions, a process that seems less pronounced under normal conditions (Laloum et al., 2018). Alternative splicing events have been observed in various plant species in response to heat stress. For instance, in Brachypodium distachyon, a total of 1,973 alternative splicing events were identified among 451 differentially expressed genes following exposure to a temperature of 42°C (Chen and Li, 2017). In Oryza sativa, the temperature and drought-responsive gene DREB2B undergoes alternative splicing. Under normal conditions, exon 2 inclusion results in a non-functional isoform. However, high-temperature exposure leads to exon 2 skipping, forming a functional isoform consisting of exons 1 and 3 (Matsukura et al., 2010). In Zea mays, a modest increase in the occurrence of alternatively spliced forms for both ZmHsf04 and ZmHsf17 when subjected to a heat stress treatment at 42°C (Zhang et al., 2020).




5.6 Heat stress alters mineral transport

It has been reported that the translocation and accumulation of minerals are severely disrupted under heat-stress conditions (Ali et al., 2020). This may be related to the down-expression of genes involved in mineral transport molecular functions and biological processes. In this study, the most significantly down-regulated molecular functions in response to heat stress included transmembrane transporter activity, transporter activity, ion transmembrane transporter activity, inorganic molecular entity transmembrane transporter activity, and active transmembrane transporter activity (Table 2). Ion transmembrane transport was among the most down-regulated biological process subclusters, which include ion transmembrane transport, ion transport, anion transmembrane, establishment of localization, carbohydrate derivative transport, and carbohydrate transport biological processes (Figure 4B, Table S3).




5.7 Heat stress alters fatty acid biosynthesis

In response to heat stress, there was a significant down-regulation of the fatty acid biosynthetic and lipid metabolic pathways, as well as the KEGG pathway responsible for fatty acid elongation, particularly in the production of polyunsaturated fatty acids (as shown in Table 3). This could account for the decrease in polyunsaturated fatty acid levels in cellular membranes, a mechanism that increases membrane stability in response to heat stress in plants (Higashi et al., 2015). Polyunsaturated fatty acids are known to be more susceptible to peroxidation (Boca et al., 2014), which can compromise membrane integrity while also increasing membrane fluidity (Los et al., 2013). Consequently, A. thaliana adapts to heat stress by decreasing polyunsaturated fatty acid content in its membranes, thus strengthening its ability to withstand the thermal stress more effectively.




5.8 Hub genes

Ten hub genes were identified through co-expression network analysis among the list of DEGs. With their ES values greater than 1, very low FDR (less than 0.1%), and consistent differential expression across all 16 selected datasets. These ten genes are inferred to hold pivotal roles in the response to heat stress. They include At1g63780 (IMP4), At5g08420, At3g12050, Atpd, At1g53850 (Pae1), RH36, At2g15790 (Sqn), EDA14, At1g12650 (RRP36), and At3g56990 (Eda7). These genes are involved in a diverse array cellular processes, encompassing ribosomal RNA processing, ribosome assembly, and plant development. Their consistent differential expression and significant enrichment values underline their central importance in orchestrating the cellular response to heat stress.




5.9 Genes of unknown function

Several genes, including At4g23493, At3g17110, At1g27590, and At4g17130, were found to be significantly differentially expressed in this study. However, their specific functions remain unknown, emphasizing the need for further research to elucidate their roles in the biological processes.





6 Conclusion

In this study, we conducted a random-effects meta-analysis to investigate the transcriptomic response of A. thaliana to heat stress. Our aim was to overcome the limitations of transcription profiling using microarray technology and reveal a more accurate and precise set of differentially expressed genes (DEGs). As a result, we identified 1972 DEGs, including 826 over-expressed and 1146 down-expressed genes. These genes may serve as a resource for potential candidate genes and molecular biomarkers for engineering heat-stress-tolerant plants. The over-expressed genes are primarily involved in heat response and RNA splicing BP, and unfolded protein binding KEGG pathways, while the down-expressed genes are mainly associated with the organization or biogenesis BP, transmembrane transporter activity MF, and secondary metabolite biosynthesis KEGG pathways. Furthermore, we identified 128 differentially expressed transcription factors (TFs) belonging to 35 TF families; co-expression network analysis revealed 10 hub genes.

By providing a comprehensive understanding of the molecular mechanisms involved in heat stress response, this research would serve as a valuable foundation for developing heat-stress-resistant crops, ultimately contributing to global food security in a warming world.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.





Author contributions

ZC contributed to the acquisition and analysis of data, as well as writing the manuscript. KK et IH contributed to data acquisition. AS, KT and MM participated in the revision and validation of the final version of the manuscript. BB designed the work and participated in the writing, revision, and validation of the final manuscript version. All authors contributed to the article and approved the submitted version.





Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2023.1250728/full#supplementary-material



Abbreviations

AE, Array Express database; AV, Absolute Value; AUC, Area Under the ROC Curve; BP, Biological Process; DEGs, Differentially Expressed Genes; ES, Effect Size; FDR, False Discovery Rate; GO, Gene Ontology; HSF, Heat Shock Transcription Factor; HSP, Heat Shock Protein; MF, Molecular Function; ROC, Receiver Operating Characteristic; SES, Summary Effect Size; TF, Transcription Factor.




References

 Abbas, F., Rehman, I., Adrees, M., Ibrahim, M., Saleem, F., Ali, S., et al. (2018). Prevailing trends of climatic extremes across Indus-Delta of Sindh-Pakistan. Theor. Appl. Climatol. 131, 1101–1117. doi: 10.1007/s00704-016-2028-y

 Ali, S., Rizwan, M., Arif, M. S., Ahmad, R., Hasanuzzaman, M., Ali, B., et al. (2020). Approaches in enhancing thermotolerance in plants: an updated review. J. Plant Growth Regul. 39, 456–480. doi: 10.1007/s00344-019-09994-x

 Anckar, J., and Sistonen, L. (2011). Regulation of HSF1 function in the heat stress response: implications in aging and disease. Annu. Rev. Biochem. 80, 1089–1115. doi: 10.1146/annurev-biochem-060809-095203

 Balan, B., Marra, F., Caruso, T., and Martinelli, F. (2018). Transcriptomic responses to biotic stresses in Malus x domestica: a meta-analysis study. Sci. Rep. 8, 1. doi: 10.1038/s41598-018-19348-4

 Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: A practical and powerful approach to multiple testing. J. R. Stat. Society. Ser. B (Methodological) 57, 289–300. doi: 10.1111/j.2517-6161.1995.tb02031.x

 Boca, S., Koestler, F., Ksas, B., Chevalier, A., Leymarie, J., Fekete, A., et al. (2014). Arabidopsis lipocalins AtCHL and AtTIL have distinct but overlapping functions essential for lipid protection and seed longevity. Plant Cell Environ. 37, 368–381. doi: 10.1111/pce.12159

 Borenstein, M., Hedges, L. V., Higgins, J. P. T., and Rothstein, H. R. (2009). Introduction to Meta-Analysis (Sussex, UK: John Wiley and Sons). doi: 10.1002/9780470743386

 Brazma, A., Parkinson, H., Sarkans, U., Shojatalab, M., Vilo, J., Abeygunawardena, N., et al. (2003). ArrayExpress—a public repository for microarray gene expression data at the EBI. Nucleic Acids Res. 31, 68–71. doi: 10.1093/nar/gkg091

 Chen, S., and Li, H. (2017). Heat Stress Regulates the Expression of Genes at Transcriptional and Post-Transcriptional Levels, Revealed by RNA-seq in Brachypodium distachyon. Front. Plant Sci. 7. doi: 10.3389/fpls.2016.02067

 Edgar, R., Domrachev, M., and Lash, A. E. (2002). Gene Expression Omnibus: NCBI gene expression and hybridization array data repository. Nucleic Acids Res. 30, 207–210. doi: 10.1093/nar/30.1.207

 Fortunato, S., Lasorella, C., Dipierro, N., Vita, F., and de Pinto, M. C. (2023). Redox signaling in plant heat stress response. Antioxidants (Basel). 12 (3), 605. doi: 10.3390/antiox12030605

 Franceschini, A., Szklarczyk, D., Frankild, S., Kuhn, M., Simonovic, M., Roth, A., et al. (2013). STRING v9.1: protein-protein interaction networks, with increased coverage and integration. Nucleic Acids Res. 41 (Database issue), D808–D815. doi: 10.1093/nar/gks1094

 Haynes, W. A., Vallania, F., Liu, C., Bongen, E., Tomczak, A., Andres-Terrè, M., et al. (2017). Empowering multi-cohort gene expression analysis to increase reproducibility. Pac. Symp. Biocomput. 22, 144–153. doi: 10.1142/9789813207813_0015

 Higashi, Y., Okazaki, Y., Myouga, F., Shinozaki, K., and Saito, K. (2015). Landscape of the lipidome and transcriptome under heat stress in Arabidopsis thaliana. Sci. Rep. 5, 10533. doi: 10.1038/srep10533

 Huang, D. W., Sherman, B. T., and Lempicki, R. A. (2009). Systematic and integrative analysis of large gene lists using DAVID bioinformatics resources. Nat. Protoc. 4, 44–57. doi: 10.1038/nprot.2008.211

 Jin, J., Tian, F., Yang, D.-C., Meng, Y.-Q., Kong, L., Luo, J., et al. (2017). PlantTFDB 4.0: toward a central hub for transcription factors and regulatory interactions in plants. Nucleic Acids Res. 45, D1040–D1045. doi: 10.1093/nar/gkw982

 Khatri, P., Roedder, S., Kimura, N., De Vusser, K., Morgan, A. A., Gong, Y., et al. (2013). A common rejection module (CRM) for acute rejection across multiple organs identifies novel therapeutics for organ transplantation. J. Exp. Med. 210, 2205–2221. doi: 10.1084/jem.20122709

 Laloum, T., Martín, G., and Duque, P. (2018). Alternative splicing control of abiotic stress responses. Trends Plant Sci. 23 (2), 140–150. doi: 10.1016/j.tplants.2017.09.019

 Lämke, J., Brzezinka, K., Altmann, S., and Bäurle, I. (2016). A hit-and-run heat shock factor governs sustained histone methylation and transcriptional stress memory. EMBO J. 35, 162–175. doi: 10.15252/embj.201592593

 Li, S., Fu, Q., Chen, L., Huang, W., and Yu, D. (2011). Arabidopsis thaliana WRKY25, WRKY26, and WRKY33 coordinate induction of plant thermotolerance. Planta 233, 1237–1252. doi: 10.1007/s00425-011-1375-2

 Los, D. A., Mironov, K. S., and Allakhverdiev, S. I. (2013). Regulatory role of membrane fluidity in gene expression and physiological functions. Photosynth Res. 116, 489–509. doi: 10.1007/s11120-013-9823-4

 Matsukura, S., Mizoi, J., Yoshida, T., Todaka, D., Ito, Y., Maruyama, K., et al. (2010). Comprehensive analysis of rice DREB2-type genes that encode transcription factors involved in the expression of abiotic stress-responsive genes. Mol. Genet. Genomics 283, 185–196. doi: 10.1007/s00438-009-0506-y

 Nishizawa-Yokoi, A., Nosaka, R., Hayashi, H., Tainaka, H., Maruta, T., Tamoi, M., et al. (2011). HsfA1d and hsfA1e involved in the transcriptional regulation of hsfA2 function as key regulators for the hsf signaling network in response to environmental stress. Plant Cell Physiol. 52, 933–945. doi: 10.1093/pcp/pcr045

 Park, C. J., and Seo, Y. S. (2015). Heat shock proteins: A review of the molecular chaperones for plant immunity. Plant Pathol. J. 31 (4), 323–333. doi: 10.5423/PPJ.RW.08.2015.0150

 Pathania, S., and Kumar, M. (2022). An integrative computational approach to predict stress-specific candidate and shared genes in multiple plant stresses. Plant Gene 30, 100356. doi: 10.1016/j.plgene.2022.100356

 Pucciariello, C., Banti, V., and Perata, P. (2012). ROS signaling as common element in low oxygen and heat stresses. Plant Physiol. Biochem. 59, 3–10. doi: 10.1016/j.plaphy.2012.02.016

 Raudvere, U., Kolberg, L., Kuzmin, I., Arak, T., Adler, P., Peterson, H., et al. (2019). g:Profiler: a web server for functional enrichment analysis and conversions of gene lists. Nucleic Acids Res. 47, W191–W198. doi: 10.1093/nar/gkz369

 Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003). Cytoscape: a software environment for integrated models of biomolecular interaction networks. Genome Res. 13 (11), 2498–2504. doi: 10.1101/gr.1239303

 Singh, B., Salaria, N., Thakur, K., Kukreja, S., Gautam, S., and Goutam, U. (2019). Functional genomic approaches to improve crop plant heat stress tolerance. F1000Res. 8, 1721. doi: 10.12688/f1000research.19840.1

 Supek, F., Bošnjak, M., Škunca, N., and Šmuc, T. (2011). REVIGO summarizes and visualizes long lists of gene ontology terms. PloS One 6, e21800. doi: 10.1371/journal.pone.0021800

 Szklarczyk, D., Gable, A. L., Lyon, D., Junge, A., Wyder, S., Huerta-Cepas, J., et al. (2019). STRING v11: protein–protein association networks with increased coverage, supporting functional discovery in genome-wide experimental datasets. Nucleic Acids Res. 47, D607–D613. doi: 10.1093/nar/gky1131

 Xie, Z., Nolan, T. M., Jiang, H., and Yin, Y. (2019). AP2/ERF transcription factor regulatory networks in hormone and abiotic stress responses in arabidopsis. Front. Plant Sci. 10. doi: 10.3389/fpls.2019.00228

 Xu, Y., Wang, J., Bonos, S. A., Meyer, W. A., and Huang, B. (2018). Candidate genes and molecular markers correlated to physiological traits for heat tolerance in fine fescue cultivars. Int. J. Mol. Sci. 19, E116. doi: 10.3390/ijms19010116

 Xue, R., Mo, R., Cui, D., Cheng, W., Wang, H., Qin, J., et al. (2023). Alternative splicing in the regulatory circuit of plant temperature response. Int. J. Mol. Sci. 24, 3878. doi: 10.3390/ijms24043878

 Zhang, H., Li, G., Fu, C., Duan, S., Hu, D., and Guo, X. (2020). Genome-wide identification, transcriptome analysis and alternative splicing events of Hsf family genes in maize. Sci. Rep. 10, 8073. doi: 10.1038/s41598-020-65068-z

 Zhang, L., Zhang, X., and Fan, S. (2017). Meta-analysis of salt-related gene expression profiles identifies common signatures of salt stress responses in Arabidopsis. Plant. Syst. Evol. 303, 757–774. doi: 10.1007/s00606-017-1407-x

 Zhao, J., Lu, Z., Wang, L., and Jin, B. (2020). Plant responses to heat stress: physiology, transcription, noncoding RNAs, and epigenetics. Int. J. Mol. Sci. 22 (1), 117. doi: 10.3390/ijms22010117




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Chaddad, Kaddouri, Smouni, Missbah El Idrissi, Taha, Hayah and Badaoui. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fpls-14-1250728-g005.jpg
N

|
/

[\
4B <
NPy e —__

__‘;

AN
L 7
"/z(‘vg,\‘/‘m"\

v._ ¥

;?:Q‘A\\"
/.






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Meta-analysis of Arabidopsis thaliana microarray data in relation to heat stress response

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Discussion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Dataset collection and processing

          



          		

            2.2 Meta-analysis and differentially expressed genes identification

          



          		

            2.3 Visualizing and validating the resulting DEGs

          



          		

            2.4 Gene ontology annotation and pathway analysis

          



          		

            2.5 Identifying transcription factors

          



          		

            2.6 Co-expression network analysis

          



          		

            2.7 Computing platform

          



        



        



        		

          3 Results

        

          		

            3.1 Dataset selection

          



          		

            3.2 Microarray meta-analyses including/excluding mutant samples

          



          		

            3.3 Assessment of identified DEGs

          



        



        



        		

          4 Gene ontology enrichment analysis

        

          		

            4.1 Enriched biological processes

          



          		

            4.2 Enriched molecular functions

          



          		

            4.3 Enriched KEGG pathways

          



          		

            4.4 Over- and under-expressed transcription factors in response to heat stress

          



          		

            4.5 Co-expression network analysis

          



        



        



        		

          5 Discussion

        

          		

            5.1 Identified DEGs

          



          		

            5.2 Enriched GO terms and TFs

          



          		

            5.3 Heat stress induces the response to several abiotic stresses

          



          		

            5.4 Heat stress increases the repairing protein damage

          



          		

            5.5 Heat stress induces alternative splicing

          



          		

            5.6 Heat stress alters mineral transport

          



          		

            5.7 Heat stress alters fatty acid biosynthesis

          



          		

            5.8 Hub genes

          



          		

            5.9 Genes of unknown function

          



        



        



        		

          6 Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/fpls-14-1250728-g004.jpg
response fo heat

response to abiotic stimulus

response to high light intensity

cellular response
to topologically
incorrect protein

response fo topologically incorrect protein

response to heat response to

endoplasmic
reticulum stress

ERAD pathway

cellular response to stress

response to hydrogen peroxide

b

protein phosphorylation

polysaccharide
metabolic process

transmembrane transport

response o
light intensity

oxidative
stress

DNA-templa

response to

chemical in response
stress

cellular

response

response

cellular response to hypoxia | to stress
response to

organonitrogen

compound stimulu

phosphorus
metabolic process|

galacturonan

phosphoryiation metabolic process

|—protein phosphorylation——

protein
bohydrat {
ek ce?r ohy ral e | autophosphorylation
biosynthetic
process
process

cellular carbohydrate
metabolic process

establishment of
localization

ion transmembrane
transport

ion transmembrane transport

regulation of

mRNA splicing, via spliceosome RNA process|

mRNA splicing, via spliceosome

chaperone-mediated protein folding
mRNA metabolic

int
g process

chaperone-mediated protein folding

ompound metabolic

process

RNA splicing

process

RNA metaboli

'de novo'

tein refoldi
protein folding Heellsy

ATP metabolic
process

gene
expression

nucleic acid
metabolic
process

proteolysis

chaperone mediated protein
celluar folding requiring cofactor

respiration

protein transport | peptide transport

response to | response to
inorganic
substance

protein transport ge|iylar

amide transport localization

ted

transcription

to

nitrogen compound
transport

organic
substance
transport

to

chemical

S

small molecule

secondary metabolite :
biosynthetic process

biosynthetic process

sulfur compound

biosynthetic process
small moleculsecondary metabolite biosynthesi

positive regulation of
SS

macromolecular
biological p 5
b complex subunit

organization

macromolecular
complex subunit

organization
Iadiuinvieculal

complex assembly

positive regulation of
biological process

protein folding

mitotic spindle
disassembly
protein
I
emoval

organic acid
metabolic process

cell wall organization
or biogenesis

carbohydrafe
carbohydrate metabolism
metabolic process
lipid metabolic process|

is

metabolic process

very long-chain fatty |carbohydrate
; ; Hath boxyl
acid metabolic process éerlvat\ve :ZLO;Z‘;X!”L
biosynthetic [ ocess
fatty acid process organic substance
biosynthetic very long-chain metabolic pracess
fatty acid organic substance )
PIOECSE i localization
biosynthetic nucleotide-sugar metabolism
process biosynthetic process
primary metabolic process|
anatomical structure plant organ
morphogenesis development cell wall organization

anatomical structure morphogenesis

plant organ
morphogenesis
. plant
anion carbohydrate shoot system o
i ; carbohydrate ] o rohogenesis
ion transport transmembrane derivative s Phog ot
transport transport root system

development

response to

endogenous stimulus
cellular process

cell wall organization

carbohydrate
derivative metabolism

external encapsulating

structure organization =
metabolism





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpls-14-1250728-g002.jpg
GSE103398

GSE112161

GSE12619

GSE16222

GSE19603

GSE26197

value

GSE26266

GSE4062

GSE44053

GSE44655

GSE4760

GSE58616

GSE58620

GSE63128

GSE63372

GSE83136

550 00 11;0 —lo’l

2 0630 4!
198830900 67 01830 2020 3 e e 032500 P 00 s it e iag

260 180 0
P\’O—g P\’{\-g\a P\’(Bg N_BQ P\’{lg P\{ZQ P\’(‘SQ P\'(_ch

8O 1100 _¢220 1910 4050 (10 . 4oh0 0
o OB A0 0532 03210 a0 300 T a0k 93t xeﬁgqgisfglx:g)gﬂ@o o od&f@g%@ 2510

0 a9 Ay o0 00 230
232 qad? 11 oMO™ ca3 AL (\o:
> 0 Q o ? g beQA PxSQl MO39

A
N_’ZQ N_':}Q P\{X.g P\’(_'\—(?\ toc\(\o“ N’Ag





OEBPS/Images/table2.jpg
Adjusted

Molecular function GO Term
p-value

Up regulated molecular functions

GO:0051082: unfolded protein binding 1.30E-13 ‘ 30
GO:0031072: heat shock protein binding 6.24E-13 17
GO:0051787: misfolded protein binding 2.66E-07 10
GO:0003723: RNA binding 9.03E-05 82
GO:0051879: Hsp90 protein binding 0.000295 6
GO:0051087: chaperone binding 0.00157 9
GO:0060590: ATPase regulator activity 0.003461 6
GO:0017069: snRNA binding 0.007737 7

Down regulated molecular functions

GO:0016773Phosphotransferase activity,

4.82E-07 108
alcohol group as acceptor
GO:0015291Secondary active transmembrane
o 2.08E-06 45
transporter activity
GO:0008509A1?1<‘)n transmembrane 4.86E-06 18
transporter activity
GO:0016740Transferase activity 2.02E-05 263
GO:0016301Kinase activity 5.67E-05 113
GO:0015293symporter activity 0.001052 23
) 14 i i
GO:00085 org.;a.nlc anion transmembrane 000126 2
transporter activity
GO:0008324cation transmembrane
. 0.002719 46
transporter activity
GO:0022890inorganic cation transmembrane
s 0.002803 44
transporter activity
GO:0046943carboxylic acid transmembrane
s 0.003981 18
transporter activity
GO:000534Zor.ga‘mc acid transmembrane 003881 is
transporter activity
:1901505 hydrate derivati
GO:1901505carbohydrate Eer? .1ve G.006338 i
transmembrane transporter activity
GO:0016772transferase activity, transferring
sier 0.008135 120
phosphorus-containing groups
GO:0060089molecular transducer activity 0.010387 32
GO:0005524ATP binding 0.029816 150
GO0:0036094small molecule binding 0.030196 199
GO0:0015077: monovalent inorganic cation
= 0.035992 30
transmembrane transporter activity
G.O:00046_74%: protein serine/threonine 004211 8
kinase activity
GO:0005338: nucleotide-sugar transmembrane 0.044498 3

transporter activity





OEBPS/Images/table4.jpg
AP2

ARF

ARR-B
B3

BBR-
BPC

BES1

bHLH

bZIP
C2H2

C3H
DBB

Dof

ERF

G2-like
GATA
GRAS
HD-
ZIP 111

HSF

LBD
LSD

MIKC-
MADS

MYB

MYB-
related

Over-expressed TFs

ABS2

BPC4

GBF4, bZIP44, EEL, ABF4,
BZIP25, GBF2, AHBP-1B, OBF5

HD2C, ZAT6, RHL41

AT5G40880, AT5G51980

LZF1

CRF7, RAP2.6, RAP2.4, DREB19,
AT2G40350, DREB2B, RAP2.2,
CRF6, DREB2A

AT1G49560
ZML1

SCL14

HSFA2, HSFALE, HSFA7A, AT-
HSFA7B, HSF4, HSFA3, HSFB2A

TRFL3, AT2G13960

Down-

expressed TFs

ADAP, RAP2.7, SMZ, AIL6

MP, ETT, ARF16,
ARF8, ARF4

RR14, RR12, RR10

BEH1

SCRM2, AT1G29950,
AT3G07340, AT3G61950,
MYC4, BIM1, bHLHO71

bZIP2

ZFP7, ZFP4, IDD14,
IDD5, AT4G17810

AT5G12850

OBP2, DOFI,
AT2G28810, DOF2

AT4G16750,
CRF2, AT5G07580

AT5G05090
CGA1

SCL27, SCR, SCL22,
HAM3, AT5G66770

PHB, HB-8

LBD21
LOLL

AGL16

FLP, AT1G49010, AS1,
MYB30, MYB16, MYB28

MYBL2, ETC2, AT3G16350,
AT5G47390, AT5G58900

ATAF1, NAC13, NAC069,

ZF-HD

NAC NACI, NAC083
RD26, NTL11
NE-X1 NFXL1 =
NE-YA _ NE-YA6
NE-YB NF-YB12, NF-YB13 NE-YB2
NE-YC NF-YC3, NF-YC2 =
Nin-like _ AT2G17150, AT4G35270
SBP = SPL11, SPL9
TALE = BLH7, ATH1, BLH6
TCP _ TCP3, TCP10, TCP4, TCP2
Trihelix GT-1, AT3G10030 GTL1
WRKY ‘WRKY32 ‘WRKY17,

‘WRKY47, WRKY11

HB34, HB23






OEBPS/Images/table3.jpg
No.

of DEGs

Over expressed pathways

ath03040: Spliceosome 38 1.43E-14
ath04141: Ifrotelrn processing in 33 2.96E-09
endoplasmic reticulum
ath03050: Proteasome 9 0.046959
Down expressed pathways

ath01110: Biosynthesis of secondary metabolites 71 1.99E-04
ath01100: Metabolic pathways 106 5.32E-04
ath00040: Pe.ntose and ) 1 0.026269
glucuronate interconversions

20: i i
ath00520: Amfno sugar and nucleotide i G
sugar metabolism
ath00710: Caf'bon ﬁx:jmon in 10 0.032732
photosynthetic organisms
ath00062: Fatty acid elongation 7 0.033125






OEBPS/Images/fpls-14-1250728-g001.jpg
Random-effects Meta-analysis

Collecting datasets using
keywords related to "heat
stress" "A. thaliana" and

“Expression profiling by
Array"

75 datasets

Filtering the datasets

19 datasets

Check the normalization and the log scale

-Mutant samples -Mutant samples
-Inconsistant datasets
19 datasets 18 datasets 16 datasets

\ v
Computing effect sizes of each gene in each dataset

Combining effect sizes

Computing p-values

Filterenig genes

3rd Meta-analysis
DEGs

1st Meta-analysis
DEGs

2nd Meta-analysis
DEGs

Functional analysis of
DEGs





OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls.2023.1250728_cover.jpg
& frontiers | Frontiers in Plant Science

Meta-analysis of Arabidopsis thaliana
microarray data in relation to heat stress
response





OEBPS/Images/fpls-14-1250728-g003.jpg
1.0-

0.8-

True Positive Rate (Sensitivity)

0.2-

0.0-

o
o

o
™~

0.0

0.2

0.4 0.6
False Positive Rate (1-Specificity)

GSE112161 AUC=1 (95% CI1 1-1)
GSE103398 AUC=0.917 (95% CI| 0.742-1)
GSE83136 AUC=1 (95% CI 1-1)

95% Cl 1-1
95% Cl 1-1
95% Cl 1-1
95% Cl 1-1
95% Cl 1-1

GSEB3372 AUC=1 )
)
)
)
)
95% Cl 1-1)
)
)
)
)
)

GSE63128 AUC=1
GSE58620 AUC=1
GSE58616 AUC=1
GSE44053 AUC=1
GSE44655 AUC=1
GSE26197 AUC=1
GSE26266 AUC=1
GSE19603 AUC=1 (95% CI 1-1
GSE12619 AUC=1 (95% CI 1-1
GSE16222 AUC=1 (95% CI 1-1
GSE4760 AUC=1 (95% CI 1-1)
GSE4082 AUC=1 (95% CI 1-1)
Pooled AUC=0.915 (95% Cl 0.748-1)

0.8 1.0

95% Cl 1-1
95% Cl 1-1

—— — — — — — —— o —— —





OEBPS/Images/table1.jpg
Meta-
analyses

-t
Meta-
analysis

znd
Meta-
analysis

30d
Meta-
analysis

Conditions

Including mutant samples

Removing mutant samples

Removing mutant samples
and E-MEXP-1725 and E-
MEXP-98 datasets

datasets

19

No. of
samples
(control/
case)

218 (92/126)

131 (56/75)

123 (52/71)

No. of DEGs with heter-
ogenous genes (over/
down expressed)

2779 (1038/1741)

2008 (862/1145)

1986 (838/1148)

No. of DEGs without het-
erogeneous genes (over/
down expressed)

473 (177/296)

1998 (853/1145)

1972 (826/1146)






