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For many industrial chemicals toxicological data is sparse regarding several regulatory endpoints, so there is a high and often unmet demand for NAMs that allow for screening and prioritization of these chemicals. In this proof of concept case study we propose multi-gene biomarkers of compounds’ ability to induce lung fibrosis and demonstrate their application in vitro. For deriving these biomarkers we used weighted gene co-expression network analysis to reanalyze a study where the time-dependent pulmonary gene-expression in mice treated with bleomycin had been documented. We identified eight modules of 58 to 273 genes each which were particularly activated during the different phases (inflammatory; acute and late fibrotic) of the developing fibrosis. The modules’ relation to lung fibrosis was substantiated by comparison to known markers of lung fibrosis from DisGenet. Finally, we show the modules’ application as biomarkers of chemical inducers of lung fibrosis based on an in vitro study of four diketones. Clear differences could be found between the lung fibrosis inducing diketones and other compounds with regard to their tendency to induce dose-dependent increases of module activation as determined using a previously proposed differential activation score and the fraction of differentially expressed genes in the modules. Accordingly, this study highlights the potential use of composite biomarkers mechanistic screening for compound-induced lung fibrosis.
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INTRODUCTION
To date, risk assessment of industrial chemicals in the EU is regulated by the REACH legislation. Accordingly, compounds marketed at a very high tonnage have undergone full risk assessment, while for around 70% of the chemicals on the EU market hardly any toxicological data relating to hazards or exposure is available (European Environment Agency, 2019). Further, the mechanisms underlying adverse effects which have been detected in vivo remain often unknown for complex regulatory endpoints such as chronic toxicity after repeated exposure. There is therefore an unmet need to develop new approach methods that allow the testing and assessment of a wide range of chemicals, ideally with human relevant methods. New approach methodologies (NAMs), based on human in vitro and in silico models, offer this opportunity. In the context of the 3R paradigm shift, NAMs and integrated approaches to testing and assessment (IATAs) or defined approaches are under development in several European initiatives such as RISKHUNT3R (Pallocca et al., 2022) and the European Partnership for the Assessment of Risks from Chemicals (PARC) (Marx-Stoelting et al., 2023). Nevertheless, they are not yet implemented into regulatory decision making (ECHA, 2022; ECHA, 2023).
Read-across (RAx) is an often applied alternative method in which the data of one to several data rich compound (s) are used to predict the toxic properties of data poor target compounds (ECHA, 2022). RAx is also one area in which NAMs can already today be used to support the assessment of shared toxicodynamic and kinetic properties (ECHA, 2023; Escher et al., 2019; van der Stel et al., 2021). Read-across approaches offer some of the most regulatorily accepted opportunities to apply NAMs in a regulatory context (Ball et al., 2016; Schultz and Cronin, 2017). Omics (e.g., transcriptomics) read-outs provide useful information, because they can indicate adverse or adaptive response of a biological system to chemical stressors (Ganesan et al., 2021; European Commission: Directorate-General for Health and Food Safety, 2022; Johnson et al., 2022). ECHA (ECHA, 2023) as well as the recently published EFSA NAM roadmap report (Escher et al., 2022a) both highlight that regulatory acceptance of NAM methods requires a good understanding of their relevance, performance and remaining uncertainties and that case studies are an excellent tool to gain more confidence into them.
Case studies have shown the use of NAMs including (Q) SAR (Patlewicz et al., 2013), in vitro transcriptomics (Drake et al., 2023; Escher et al., 2022b; Vrijenhoek et al., 2022) and in vivo metabolomics (Kamp et al., 2024; van Ravenzwaay et al., 2016) to explore the mechanistic similarity of compounds and thereby add to the mechanistic evidence underpinning a potential read-across case.
The weighted gene co-expression network analysis (WGCNA) is a tool for transcriptome analysis which uses a network-based approach to evaluate genes’ joint activities. It has widely been applied to characterize gene involvement in disesases like idiopathic pulmonary fibrosis (Ghandikota, Sharma, Ediga, Madala and Jegga, 2022) or Alzheimer’s Disease (Liang et al., 2018). It has also been successfully applied to characterise the effects of chemical exposure on gene expression and to relate it to adverse outcomes (Callegaro et al., 2021). WGCNA enables the discovery of new biomarkers of adverse outcomes, i.e., both individual genes and sets of co-expressed genes that are associated with harmful chemical effects. It does not rely on pre-existing biological pathway information and is not limited or biased by this knowledge, which renders it a favorable alternative to enrichment analysis.
Biomarkers of pulmonary fibrosis have been identified using mainly transcriptomics data (including microarray, RNA-Seq and single-cell RNA-Seq) from lung tissue of humans found to suffer ideopathic pulmonary fibrosis (IPF). Data from IPF lungs describes the final state of lung fibrosis, but does not help us to understand the development of the disease (Vukmirovic and Kaminski, 2018). A WGCNA of IPF data identified modules for immune response, extracellular matrix or contractile fibres, developmental pathways of specific lung structures, cell division, DNA replication and DNA repair, cellular metabolic and catabolic processes, and surfactant metabolism (Mayr et al., 2021).
This study investigates a WGCNA of transcriptome data of the pulmonary fibrosis inducer bleomycin with the aim of identifying groups of genes with correlated expression patterns (modules). For this purpose, transcriptome data from an in vivo mouse study in which bleomycin was administered intratracheally for 35 days were used. The WGCNA analysis determined modules for different phases of disease progression starting from inflammation and progressing to acute and late fibrosis. The obtained eight modules were found to include 161 genes not previously associated with pulmonary fibrosis. These genes, as well as the entire identified modules represent novel biomarkers, which can be used to predict pulmonary fibrosis. To test this hypothesis, the modules were used to detect known fibrosis-causing compounds using in vitro derived transcriptome datasets.
MATERIALS UND METHODS
Lung fibrosis related gene expression data: WGCNA analysis was applied to a publicly available in vivo pulmonary transcriptomics dataset for exposure to bleomycin, which is known to cause lung fibrosis (Peng et al., 2013). In this study, male C57BL6/J mice (n = 8 per group) were treated intratracheally with a dose of Bleomycin 2U/kg body weight. The whole lungs were extracted, homogenized and sampled at 7 time points on day 1, 2, 7, 14, 21, 28, 35 and after exposure. Based on histological findings, days 1 and 2 were classified as inflammentory phase, 7 and 14 as acute fibrotic phase and from day 21 onwards as late fibrotic phase. Whole transcriptome analysis was carried out using Affymetrix GeneChip Mouse Genome 430 2.0 arrays (GSE40151 (NCBI), Peng et al., 2013).
A recently published in vitro dataset on alpha-diketones ((Drake et al., 2023); biostudies dataset IDs S-TOXR1814, S-TOXR1825, S-TOXR1829 and S-TOXR1824; see https://www.ebi.ac.uk/biostudies/) was used for validation. In brief, (Drake et al., 2023), exposed primary bronchiolar epithelial cells (PBECs) to known and potential inducers of lung fibrosis for 1 hour using an air-liquid-interface. Test compounds included diacetyl and 2,3 pentanedione, which are known inducers of lung fibrosis (Zaccone et al., 2013), as well as the structural analogue 2,3-hexanedione, which is proposed by (Drake et al., 2023) to have the same mode of action. In addition, Drake et al. (2023) exposed the cells to negative and compound with another mode of action. Aceton served as negative control, as it did not induce any adverse effects in lungs in repeated dose toxicity studies (Bruckner and Peterson, 1981; Cavender, Casey, Salem, Swenberg and Gralla, 1983). Tunicamycin was tested as a compound with a different mode of action, which is disruption of protein folding (Wang et al., 2015). After 24 h, the cells were lysed and analysed with targeted transcriptome sequencing applying the S1500+ panel of the Templated Oligo-Sequencing (TempOSeq) technology (Drake et al., 2023). The S1500+ gene panel comprises 3,565 genes, which have been ensured to occur frequently in toxicological experiments and to cover known pathways (Mav et al., 2018).
Differential gene expression analysis
Differential gene expression analysis of the bleomycin Affymetrix dataset was performed using the Genealyzer tool (Lietz, Saremi and Wiese, 2023), which is based on the R package limma (Ritchie et al., 2015). The quality control analysis did not show any gene or sample outliers with low read counts and/or batch effects in the Affymetrix dataset. The terms “transcript” and “gene” were used synonymously throughout this study.
The in vitro TempOSeq data was available in preprocessed form as counts per million (CPM) normalised read counts in text files (Drake et al., 2023) and analysed using DESeq2 (version 1.32.0; (Love, Huber and Anders, 2014)) in R. Genes were considered differentially expressed (DEG) if the adjusted p-value (padj) was <0.05 based on the Benjamini-Hochberg method and the absolute log2 foldchange was ≥1. (Bruckner and Peterson, 1981; Cavender et al., 1983; Drake et al., 2023; Wang et al., 2015; Zaccone et al., 2013).
Weighted gene co-expression network analysis (WGCNA)
The analysis of the co-regulated genes was carried out specifically for gene expression in lung tissue using the R package WGCNA (Langfelder and Horvath, 2008). In a WGCNA, genes with similar expression patterns are grouped into modules (gensets). A module can be described using its so called eigengene and hubgene. The eigengene is a vector corresponding to the first principal (Sutherland et al., 2016) and therefore represents the largest changes in the expression profile. In contrast, the hub gene is an actual gene that corresponds most closely to the eigengene.
The samples were normalised with the count per million read (CPM) and log-transformed. The optimal soft threshold for the adjacency calculation was then determined graphically (power = 4). The cutreeDynamic function was used for tree pruning of the dendrograms of the hierarchical gene cluster, resulting in co-expression modules; correlated modules (r > 0.75) were then merged. The minimum module size was set to 30, as a pragmatic default value.
Modules were classified as relevant for the development of pulmonary fibrosis using a correlation score, for which the average of the absolute eigenvalues per phase (inflammation (days 1 and 2), acute fibrotic phase (days 7 and 14), late fibrotic phase (days 21 to 35) and controls) was determined. Also control samples achieved non-zero activity scores, therefore module selection was based on the ratio between the activities achieved in the three fibrotic phases and in controls, termed differential activity (DA). Modules with a DA greater than 2.5 were considered particularly active in the corresponding phase and were selected for further analyses.
The selected modules were then characterised using known biomarkers in the Disgent database (Piñero et al., 2015) and the hub genes. The hub gene is the gene that correlates most strongly with the eigengene.
For further characterisation of the modules, the R package gProfiler2 was used to perform a gene enrichment analysis of the genes in the modules. Enrichment of biological processes incuded in the Gene Ontology (GO) knowledgebase was determinedapplying Fisher exact test with adjustment for multiple testing through gProfiler2’s default method (padj <0.05) GO terms (biological processes) (Kolberg et al., 2020).
To apply the modules to the in vitro dataset as a proof-of-concept, mouse gene Ensembl IDs from the bleomycin dataset were mapped to human gene Ensembl IDs using Biomart. To compare the modules based on in vivo data with RNA data from in vitro experiments, the DEGs are compared with the genes in the module and an eigengene score is calculated per module and per DEG set of the in vitro experiment. For this purpose, a module score is calculated from the eigengene, which consists of the average absolute eigengene score across the co-expression modules (Sutherland et al., 2016). The module score thus describes how high the activation or repression of a module is on average. The activity scores were derived according to the method of (Callegaro et al., 2021).
RESULTS
DEG analysis of the in vivo study on bleomycin
Peng et al. (2013) showed that bleomycin is a model substance which induces pulmonary fibrosis in mice. Based on histopathological findings, the authors described the progression of fibrosis in three phases after a single intratracheal exposure of 2U/kg body weight: an initial inflammatory phase (up to day 2), a subsequent acute fibrotic phase characterised by fibroblast infiltration and collagen formation (day 7 to 14), and a late fibrotic phase characterised by extracellular matrix remodelling (day 21 to 34). In the first 2 weeks after bleomycin exposure, the mice develop alveolar as well as interstitial fibrosis (Peng et al., 2013).
Gene expression at days 1 or 2 (inflammation); 7 or 14 (acute fibrosis) and 21 or 28 or 35 (late fibrosis) included a total of 937 of differentially expressed genes (DEGs). The number of DEGs (p-adj = q < 0.05, |log2FC| > 1) shows a time-dependent pattern (Figure 1). While only few DEGs (N = 274) are present in the inflammatory phase, the number of DEGs increases during the acute fibrotic phase to 720 up and 150 downregulated genes at day 7. These DEGs are characterized by particularly high fold changes. In the late fibrotic phase, the number of DEGs decreases again to less than 145 up or 61 downregulated genes (Figure 1).
[image: Figure 1]FIGURE 1 | (A) Number of differentially expressed genes (DEG) (p-adj = q < 0.05, |log2FC| > 1) in mouse lung tissue per timepoint in days after start of the exposure period. Up, increased expressing; down, decreased expression. (B) Hierarchical clustering based on log2 fold change for all genes that are DEG at least at one time point (N = 937).
Weighted gene co-expression network analysis (WGCNA)
WGCNA was applied to the whole dataset including all measurements at all timepoints of exposed and control animals (Peng et al., 2013). Thereby, a total of 54 modules (MEs) of genes with highly positively or negatively correlated gene-expression were identified, including a total of 19,258 measured genes. ME size ranged from 33 to 5448 genes. For each module, an eigengene score was calculated for the expression of included genes in each of the histopathologically determined phases of the developing disease.
Eigengene scores (EG scores) are based on absolute values, higher values indicates higher activity. The EG scores per module in the inflammatory, acute fibrotic, and late fibrotic phases as well as in control animals shows highest activity levels in the inflammatory and acute fibrotic phase, while the activity decrease in the late fibrotic phase. Also control samples achieved non-zero activity scores, therefore ME selection employed DA, which is the ratio of the module to control EG scores (Table 1). Eight MEs have high DA (DA >2.5), namely modules 14, 20, 22, 28, 32, 37, 39, and 43. In total, these 8 MEs include 1039 mouse ensemble IDs of which 951 genes could be mapped to the human genome. The number of human genes in each of the individual modules ranged from 58 to 273. As expected, for all 8 selected MEs very little activity was found in control samples. DA values ranged across the eight selected modules from 1.02 to 4.76, 1.03 to 3.1 and 1.08 to 3.13 for the inflammatory, acute fibrotic and late fibrotic phases, respectively (Fehler! Verweisquelle konnte nicht gefunden werden).
TABLE 1 | Characterisation of modules highly activated by bleomycine treatment in vivo (N = 8; differential activity >2.5). DA, differential activation.
[image: Table 1]Modules 14, 37, 39, and 43 particularly differentially activated during the initial inflammatory phase. This finding is in line with the observation that the hub genes in ME 14 and 39 (OAS1 and SPRR3) are known to play a role in inflammation. No information is known about the ME 37s hub gene (ZC3H18). Module 43 is also relatively active in the late fibrotic phase. It’s hub gene (HPN) is involved in cleavage of extracellular substrates and maintenance of cell morphology, which is in line with the module’s association with fibrotic processes.
Module 32 and 20 are particularly differentially activated during the acute and late fibrotic phases, respectively. The ME32 hub gene (ENSMUSG00000032397,Tipin) is a check point gene, which is part of the DNA replication cycle (Gotter et al., 2007).
Modules 22 and 28 are differentially activated throughout the entire investigated time span. The hub gene of ME22 (LGI3) has been observed in patients suffering from ideopathic pulmonary fibrosis (IPF) and is particularly active across all three phases in this module. The hub gene of ME28 (VWA1) codes for a protein that is involved in the storage of collagen in the extracellular matrix, which is one of the main processes of fibrosis (Gebauer et al., 2016).
In order to get a broader and more robust impression of the association between highly activated modules and disease progression towards lung fibrosis, 924 known biomarkers of lung fibrosis from DisGenet (Piñero et al., 2015) were mapped to the genes included in the eight modules (Table 2). DisGenet is currently the largest database of human gene-disease associations.
TABLE 2 | Characterisation of modules that are highly activated by bleomycine treatment in vivo (N = 8; differential activity >2.5). Number of human genes in the module (thereof included in the S1500+ gene panel) as well as lists of Ensembl gene IDs of genes considered to be biomarkers of lung fibrosis [according to DisGenet (Piñero et al., 2015)] and the top ten most significantly enriched (padj <0.05) GO terms (biological processes) per module. Bold Ensembl gene IDs are part of the S1500+ gene panel.
[image: Table 2]On top of that, enriched biological processes (GO; padj <0.05) were determined (Table 2). Statistically significantly enriched biological processes included inflammation-related processes such as innate immune response, regulation of cellular extravasation, as well as fibrogenesis-related processes such as epithelial development, cellular catabolism, cell differentiatiation and cell (projection) morphogenesis, establishment of (macromolecule) localization and system development (Dörr and Herrmann, 2003).
Module 20, which shows particularly high DA during the late phase of lung fibrosis development, comprises the highest number of known biomarkers for lung fibrosis, with 14 of a total of 167 genes. The number of biomarkers included in the remaining selected modules ranged from 14 to 3, except for module 39, which does not include any known biomarker of lung fibrosis listed in DisGenet.
Application of the eight biomarker modules
The eight modules were tested for their applicability as potential biomarkers to identify fibrosis inducing chemicals. For this purpose, a recently published dataset (Drake et al., 2023) on human primary bronchiolar epithelial cells (PBECs) exposed to known induncers of lung fibrosis was used.
Since Drake et al. (2023) measured a small panel of genes, this proof-of-concept analysis could only take into account 42 to 4 genes per module (see Table 2). Based on these genes, module activation was assessed in two ways. The number of DEGs in a given module as determined by Drake et al. (2023) at each test compound concentration was shown as a fraction of the total number of measured genes in the module (Figure 2). Second, differentially expressed genes at more than one test compound concentration were listed in Table 3. Additionally, dose-responsiveness of eigengene scores was assessed per module and test compound (Figure 3).
[image: Figure 2]FIGURE 2 | Application of the proposed biomarker modules (ME) for compound induced lung-fibrosis to an external dataset. Module activation by three lung-fiborisis inducing compounds (diacetyl, 2,3-pentanedione, 2,3-hexanedione) and two compounds with other modes of action is expressed as the fraction of the number of S1500+ genes in the module, which have been found to be differentially expressed (DEG) in human primary bronchial epithelial cells after exposure for 24 h at 4 to 7 subcytotoxic concentration levels by (Drake et al., 2023). Module annotations point to the histopathologically determined phase of bleomycin-induced development of fibrosis (inflammation, acute fibrotic, late fibrotic, or several (general)) which a given module was found to be most differentially activated in. Dashed lines indicate the level where 20% of measured genes are differentially expressed.
TABLE 3 | Ensembl gene IDs of DEGs in the proposed eight biomarker modules determined in an external in vitro validation dataset for three known lung-fibrosis inducing compounds (Drake et al., 2023). DEGs are listed per module, when differentially expressed in at least two tesed concentrations per compound. Bold ensemble gene IDs indicate DEGs found in more than one of the compounds.
[image: Table 3][image: Figure 3]FIGURE 3 | Application of the proposed biomarker modules (ME) for compound induced lung-fibrosis to an external dataset. Module activation by three lung-fiborisis inducing compounds (diacetyl, 2,3-pentanedione, 2,3-hexanedione) and two compounds with other modes of action is expressed as eigengene scores based on in vitro transcriptomics read-outs after exposure for 24 h at 4 to 7 subcytotoxic concentration levels presented by (Drake et al., 2023). Blue lines and grey shapes depict linear regression models and the associated 95% confidence intervals, respectively. Module annotations point to the histopathologically determined phase of bleomycin-induced development of fibrosis (inflammation, acute fibrotic, late fibrotic, or several (general)) which a given module was found to be most differentially activated in.
Diacetyl induced pronounced differential expression in all of the 8 MEs. More than 20% of measured genes were differentially expressed at two to three diactyl concentration levels for the modules strongest associated with the inflammatory phase of bleomycin-induced lung-fibrosis, one concentration level for module 32 (association with the acute fibrotic phase), and at two concentration levels for module 20 (late fibrotic phase association) and modules 22 and 28 (generally high differential activation by bleomycin across phases, Figure 2). However, fractions of differentially expressed genes were generally not concentration responsive. In contrast, EG scores showed a concentration-responsive tendency for ME 14 (inflammatory phase) as well as ME 22 and ME 28 (high DA across phases, Figure 3). Further, EG scores for ME 43 (inflammatory phase) and ME 32 (acute fibrotic phase) indicated a concentration-dependent response with only the highest tested concentration.
2,3-pentanedione and 2,3-hexanedione, which have been shown to trigger lung fibrosis based on a similar mechanism of action as diacetyl, induced differential expression of >20% of the measured genes at least at one concentration level for all modules but–again–without concentration responsiveness comparable to diacetyl (Figure 2). Cells treated with 2,3-pentanedione and 2,3-hexanedione showed concentration-dependent response in the EG scores of modules 14, 32 and 22 and of modules 14, 43, 32, 22 and 28, respectively.
Tunicamycin, a substance with a known different mode of action causing protein missfolding activated two modules associated with the inflammatory phase (14 and 39), but none of the modules associated with the fibrotic phases (Figure 2). A dose responsive tendency of the EG score can only be found for module 14 (Figure 3).
Acetone, which had been found not to be toxic when inhaled, induced little differential expression overall and it was well below the threshold of 20% of measured genes for all modules, at all tested concentrations (Figure 2). EG scores showed some tendency to increase concentration-dependently for module 14, but not for any other or the selected modules (Figure 3).
Interestingly, IRF7 (interferon regulatory factor 7, ENSG00000185507; part of module 14) was differentially expressed after treatment with the known fibrosis inducers diacetyl and 2,3-pentanedione at two test compound concentrations each (Table 3). This is a known inflammatory gene, which is also discussed as a link between inflammation and fibrosis (Wu et al., 2019). Further genes that were differentially expressed at least at two test concentrations of more than one of the inducers of lung-fibrosis include GNDF (ENSG00000168621, module 22) and ALP1 (ENSG00000105290, module 28). GNDF plays a role in various inflammatory processes, including lung inflammation (Morel, Domingues et al., 2020). ALP1 belongs to the APP gene family, which plays a role in cell growth, among other things, as its protein products can bind particularly well to collagen (Beher et al., 1996) (Table 3).
DISCUSSION
To date transcriptome data are seldomly used in regulatory risk assessment of chemicals and one challenge is the missing link of chemically induced changes at the molecular level to their adverse outcomes (AOs) (Brockmeier et al., 2017). A frequently applied technology for interpretation of transcriptome data is a gene set enrichment analysis, which applies a defined set of genes like a molecular signaling pathway for data interpretation (Dean et al., 2017). This approach is, however, dependent on prior knowledge regarding pathways leading to adverse otucomes and it can be assumed, that neither the pathway databases nor the current AOPs are covering all relevant adverse outcomes for endpoints such as systemic toxicity after repeated long-term exposure. Therefore, case studies are needed to complement the annotation of genes to adverse outcomes and to gain confidence into their application.
Lung fibrosis is a frequently observed adverse outcome in humans and typically develops over a long period of time e.g. after exposure at the work place (Zaccone et al., 2013), to environmental pollutants (Harari et al., 2020) or most frequently to smoking (Morse and Rosas, 2014). Therefore, human samples of fibrotic lungs usually represent the final stage of this process (Prasse et al., 2019). In order to follow the different phases from early inflammatory responses to acute and late fibrosis, the present study is based on a mouse dataset, in which the known fibrosis inducer bleomycin has been applied. While interspecies differences and the incomplete mapping of genes from mouse to humans are a disadvantage of this approach, the evaluation of early changes are a clear advantage for data interpretation.
A number of in vitro studies have demonstrated that short-term exposure, like 4 h or 24 h, of cell models, such as bronchial epithelial cells, results in transcriptional changes that are indicative of the subsequent development of pulmonary fibrosis (Saarimäki et al., 2020; Xu et al., 2019). As the majority of cellular models are unable to capture the whole development of pulmonary fibrosis, the identification of early biomarkers is of particular importance for their interpretation and inference of pulmonary fibrosis.
Most DEGs in the mouse dataset utilized in this study belong to the acute fibrotic phase. In this phase, the fraction of upregulated DEGs is particularly high assumably indicating the induction of a large number of cellular processes related to the remodelling of the pulmonary tissue.
The WGCNA detected 54 modules of genes with correlated expression patterns indicating an involvement in the same cellular processes. Eight of these 54 modules constitute potential composite biomarkers showing considerably increased activity in the inflammatory or fibrotic phases as compared to controls.
Four modules were specifically activated in the inflammatory phase (module 14, 37, 39 and 43), one in the acute (module 32) and late fibrotic (module 20) phases each. Two further modules showed high differential activity in more than one phase indicating that the modules may represent cellular processes relevant to all stages of the development towards lung fibrosis (module 22 and 28).
Overall, eight relevant modules seem to be a reasonable number of modules with relevance to an AO, when comparing this result to other studies. An in vivo rat study of silica-induced pulmonary fibrosis appling RNA-Seq and a subsequent WGCNA found 17 modules, two of which were classified as relevant for pulmonary fibrosis (Lv et al., 2022). Another study investigated different stages of liver cirrhosis and considered seven modules to be relevant (Lu et al., 2023). The authors of the TXG mapper detected, in liver related datasets, 398 modules and grouped them into 8 clusters (the exact number of modules was not described) (Callegaro et al., 2021).
To increase the confidence in the specific relation of modules to the fibrotic mode of action and to specific subprocesses, the hub genes (i.e. genes that are particularly representative of the module) were examined.
The hub genes’ annotations to biological processes found in the literature corresponded very well with the histopathologically determined inflammatory as well as acute and late fibrotic processes in the bleomycin study. Exceptions include ZC3H18 and CL57BL6, the hub genes of modules 37 and 20, for which no information about related biological processes was found and only involvement in processes not related to fibrosis have been described in the literature. Interestingly, for the proposed potential biomarker modules not only the hub genes corresponded well with histopathologically determined phase. Instead, all of these modules included further genes that are known biomarkers of fibrosis. This finding supports the notion that the described modules should be used as composite biomarkers instead of proposing only e.g. hub genes of interesting modules as biomarkers, as has been done in biomedical studies such as (Tian et al., 2020; Wan et al., 2018; Yuan et al., 2021). In comparison to considering single genes as biomarkers, be it hub genes or genes with known relations to fibrotic processes as listed in DisGenet, the 8 modules described in this study may serve as much more robust biomarkers, because they build on expression patterns of dozens of genes, not only of single genes. In support of this theoretical argument, enrichment analysis results indicate that the modules reflect processes involved in inflammation and (fibrotic) remodelling of tissue.
The modules proposed in this study were detected without building on prior knowledge from sources such as pathway databases, which bear the possibility of bias towards already studied mechanisms. Eradicating this potential source of bias is a clear advantage. To our knowledge, a WGCNA analysis has not yet been performed on an in vivo data set for lung fibrosis covering the development of an adverse outcome over several phases, so modules can be assigned to the individual phases.
The proposed modules can be used for interpretation of mechanisms of action in applications such as read-across, where the mechanistic similarity of compounds needs to be characterized (Escher et al., 2019). Mechanistic similarity is difficult to assess based on single gene changes, as expression patterns of single genes are typically too variable (Escher et al., 2022b; Vrijenhoek et al., 2022). In contrast, pathway analysis or modules reduce the noise in these data and make it easier to detect compounds with similar mechanisms of action, as recently demonstrated in several case studies in the EUTOXRISK and RISK-HUNT3R projects (Drake et al., 2023; Escher et al., 2022a; Vrijenhoek et al., 2022).
The eight proposed biomarker modules were applied to an in vitro gene expression dataset for other known inducers of lung fibrosis (Drake et al., 2023) to explore their applicability domain (i.e., to which extent the modules reflect general responses to inducers of lung fibrosis). (Drake et al., 2023). reported a dose-dependent increase in the number of DEGs and DEGs’ fold change values, both in cells exposed to any of the three tested alpha-diketones and tunicamycin. The expression patterns induced by alpha-diketones have been found to be very similar by the authors, whereas both similarities and differences have been recognised in the expression pattern of tunicamycin. Interestingly, even though the total number of DEGs found for tunicamycin was comparable to those of the alpha-diketones, tunicamycin induced differential expression only in small fractions (<20%) of the genes within the proposed biomarker modules except for two inflammation related modules, where fractions reached or surpassed that level. This finding is expected, as tunicamycin is known to induce differential expression of genes involved in inflammation (Guo et al., 2017) but not in lung fibrosis. Further, this suggests that six of the eight modules represent specifically lung-fibrosis related processes.
One limitation of this case study is the small gene set (S1500+ panel) of the in vitro study, therefore a complete gene profile was not analysed and should be investigated in further case studies. Nevertheless, it could be shown that the fibrosis-inducing substances activate all identified modules, whereas the substance with different mode of action shows activity at most in the inflammatory phase.
The WGCNA analysis was based on mice exposed at a single dose level, so that dose-dependence could not be taken into account in generating the eight biomarker modules. Further dose groups would allow to compare low dose and high dose effects and focusing on genes that are regulated in a dose-dependent manner could minimise noise in the data.
As the in vitro dataset included only two to four concentrations, benchmark dose analysis could not be applied to it. Nevertheless, differential expression of genes and eigenvalues of the modules were investigated to characterize the type and trends in the concentration-responsiveness of the modules. The eigenescore (EG) analysis considered the absolute log2 foldchange values of all genes in a given module, regardless of whether they were differentially expressed. Therefore, after mapping a module to the gene expression, the EG serves as a measure of the overall activation of the module. Modules with a concentration-responsive EG (i.e., higher EG with increasing concentration) were considered activated with high reliablilty.
Considering both the number of DEGs as a fraction of measured genes in a given module and eigenvalues of the module has different advantages. One advantage of analysing the relative number of DEGs is that it is not biased when only a limited set of genes is measured in an experiment where the modules are applied as biomarkers. In contrast, eigenvalues can be biased by a reduced coverage of the modules. In turn, eigenvalues are based on more information about the activation of a module in a given experiment.
In the validation dataset both measures responded as expected. Dose-responsiveness of module 43, 32, 20, 22 and 28 eigenvalues is only visible for the fibrosis-inducing substances. The relative number of DEGs induced by the fibrosis-triggering substances is high for all modules whereas in tunicamycin treated cells it is only high for two modules that represent the inflammatory phase.
CONCLUSION AND OUTLOOK
The gene modules proposed as markers of lung fibrosis are based not only on the final fibrotic phase, but also on earlier events. More precisely, we can discern modules, which are particularly active at particular stages in the development towards lung fibrosis and others which are activated throughout the development. The modules themselves can serve as markers of the potential induction of lung fibrosis. Furthermore, they include genes, which have previously not been associated with lung fibrosis. In that sense, they are also a tool to generate new hypotheses regarding mechanisms underlying compound induced lung fibrosis. Results of hub gene characterization and mapping with information about known biomarkers from DisGenet confirm, that modules with high differential activity are indeed highly relevant for characterising fibrotic processes. Relating modules’ activity specifically to particular stages of the development of bleomycin-induced lung fibrosis, opened up for the possibility of mapping the modules to known AOPs and thus an opportunity to connect AOPs and transcriptomics data.
In conclusion, new biomarkers correlated with the development of compound-induced lung fibrosis were developed and applied in a proof-of-concept case study.
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