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Abstract 

Omics technologies have led to the discovery of a vast number of proteins that are expressed 

but have no functional annotation - so called hypothetical proteins (HPs). Even in the best-

studied model organism Escherichia coli K-12, over 2% of the proteome remains 

uncharacterized. This knowledge gap becomes even worse when looking at microbial dark 

matter. However, knowing the functions of proteins is crucial for elucidating cellular and 

metabolic processes and harnessing biotechnological potentials. Here, we employed machine 

learning to decipher the transcriptional regulatory network of E. coli K-12, as well as other in 

silico tools to assign functions to uncharacterized HPs. We further provide experimental 

validation of in silico predicted functions for three HP-encoding genes (yhdN, yeaC and ydgH) 

as proof of concept, by analyzing growth patterns of deletion mutants compared to the wild 

type, as well as their transcriptional responses to specific conditions. This study demonstrates 

that the use of Big Omics Data in combination with Artificial Intelligence and experimental 

controls is a powerful approach to illuminate functional dark matter. 

 

Keywords: Artificial Intelligence / Big Omics Data / Functional Annotation of Proteins 

 / Functional Dark Matter / Independent Component Analysis (ICA) 

 

Introduction 

Due to the advents in Next Generation Sequencing technologies, the volume of omics data 

has massively increased over the past years. As of today, gold-standard knowledgebases like 

the National Center for Biotechnology Information (NCBI)’s Reference Sequences Database 

(RefSeq) and the Universal Protein Resource Database (UniProt) [1] provide freely accessible 

sequences and information for over 163 million unique prokaryotic proteins (Figure 1). This 

rapid accumulation of sequencing data has long surpassed the rate of possible experimental 

characterization in vivo and in vitro. Hence, researchers often rely on functional analysis of 

proteins from model organisms. These findings are then extrapolated in silico to closely related 
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sequence homologues. Consequently, the definition of cut-off values plays a crucial role in 

protein annotation. To manage this challenge, automated annotation pipelines, such as 

InterPro have become a valuable tool [2]. Here, analysis of protein sequences is provided by 

classifying them into families and integrating predictive models from multiple protein 

databases such as e.g. Pfam [3], ProSite [4], SMART [5] and/or CDD [6] to infer functions for 

experimentally uncharacterized proteins. However, only 83% of all UniProt sequences have 

so far been functionally annotated by annotation pipelines such as InterPro [7] The remaining 

17% of proteins are designated with terms such as ‘putative uncharacterized’, 

‘uncharacterized’, ‘unknown protein families (UPFs)’ or proteins bearing ‘domains of unknown 

functions’ (DUFs). These proteins are summarized by the term hypothetical proteins (HPs), 

since they are expressed but could so far not be functionally characterized by classical in vivo, 

in vitro, and/or in silico methods [8,9]. In addition, there is also no information on these proteins 

available in widely-used knowledge-databases such as BioCyc [10], RegulonDB [11], and 

EggNOG [12] (Figure 1).  

 

While there have been notable advancements in methodologies for protein function prediction 

in the recent past [13–16] several challenges persist [17,18]: These include different 

functionalities across homologous proteins, proteins performing different functions in distinct 

cellular locations, proteins with multiple three-dimensional structures, the lack of conserved 

proteins across different species to identify shared functional relationships and a heavy 

reliance on pre-existing data for inferential annotations [19]. Even in the best studied model 

organisms Escherichia coli K-12, 31.8% of the genome comprises of protein encoding genes 

that lack experimental validation, commonly referred to as ‘Putative HPs’ [8], and 2.1% that 

even lack sequence homologies (Figure 1). The problem of annotating HPs becomes even 

larger when looking at microbial dark matter[9, 20].In uncultivated microorganisms, the 

proportions of genes with unknown functions can comprise up to 60% in bacterial and 80% in 

archaeal genomes [21]. However, elucidating the function of these proteins is essential for 
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understanding cellular processes, metabolism and evolution, as well as for harnessing their 

biotechnological potential [22]. 

 

Transcriptional profiling has helped to gain insights on protein functions by monitoring gene 

expressions and clustering genes based on their responses to varying environmental 

conditions and stimuli [23]. Here, the entire set of RNA transcripts produced by a genome 

under specific conditions provides a dynamic representation of the organisms' operational 

state. However, standard bioinformatics-based methods for transcriptomic data analysis are 

low-throughput and require quite extensive computing power and time due to the high degrees 

of complexity and heterogeneity of the data [24]. Today, artificial intelligence (AI)-based 

methodologies have made significant advancements over traditional bioinformatics 

approaches, offering the capacity to process and analyze data at a scale and speed that were 

previously unattainable [25, 26]. They are particularly suited for deciphering complex 

interactions among genes and transcription factors or proteins that regulate them, as well as 

revealing the regulation of gene expression in response to diverse environmental conditions 

[27]. Among various techniques for analysis, module-detection methods have proven to 

efficiently predict the functions of co-regulated groups of genes from large gene expression 

datasets [28]. Independent Component Analysis (ICA), introduced by Comon in 1994 [29], 

employs an unsupervised machine learning (ML) approach, categorizing the input data without 

any prior information. This technique is especially relevant in the context of transcriptomics, 

where the goal is to understand the complex interplay of gene expression signals and to 

decipher co-regulated gene sets. ICA therefore allows to reveal the regulatory patterns and 

activity levels of genes governed by specific regulators (i.e. transcription factors controlling the 

expression of genes) across diverse experimental conditions, so called transcriptional 

regulatory networks (TRNs), thereby disclosing the organizational and functional architecture 

of genes. Expanding upon this, McConn et al. developed a variant of ICA, termed OptICA, 

which can be applied to large TRNs, analyzing interactions between transcription factors and 

their target genes. Here, discrete groups of genes are clustered into robust independent 
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components by avoiding over-clustering of datasets (leading to loss of biological information) 

or under-clustering (leading to too few clusters and a loss of output resolution), and therefore 

providing an optimal representation of the organism’s underlying TRN [27]. This results in  

revealing independently regulated gene groups, so called iModulon from transcriptomics 

datasets [30-32]. iModulons are therefore the data-driven analogs of so-called regulons - sets 

of genes governed by regulators [30]. The OptICA algorithm along with high-quality RNA-seq 

data has recently been used to decipher the TRN of B. subtilis [31] and E. coli [27] to uncover 

the detailed responses to environmental conditions and genetic perturbations, e.g. deletion 

mutants. However, these studies focused on the identification of regulons that were not 

experimentally described before rather than the functional characterization of HPs. 

 

In order to decipher the function of HP-encoding genes in the E. coli K-12 proteome, we 

adapted the workflow originally designed for B. subtilis [31] and analyzed the gene expression 

data of the E. coli K-12 sub-strains MG1655 and BW25113. Functional characterization of HP-

encoding genes was inferred by identifying co-regulated genes under the influence of a 

common regulator from publicly available transcriptomic datasets. This characterization was 

then further validated by annotating these genes using specific Gene Ontology (GO) 

categories through the PANTHER tool (Protein ANalysis THrough Evolutionary Relationships) 

[33]. Additionally, metadata conditions for the transcriptomic datasets were extracted. 

Furthermore, other in silico methods were employed to determine the sub-cellular localization 

[34], protein-protein interactions (PPIs) [35], genomic context [36] and sequence-based 

remote homologies [37]. Structural homology information was obtained by using the AlphaFold 

Protein Structure Database (AFDB) clusters webserver, which is based on a deep learning 

(DL) method [38]. 

 

Since AI-predicted functions are usually not experimentally verified, raising the possibility of 

untrue annotations [9], we also provide an experimental validation of three candidate HP- 

encoding genes (yhdN, yeaC and ydgH). The growth curves and transcriptional responses of 
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E. coli K-12 deletion mutants in comparison to the wild-type strain under specific conditions 

were analyzed, showing that the in silico predictions were indeed true. Hence, the here 

presented pipeline not only facilitates the discovery of previously unidentified regulators, but 

also sheds light on our understanding of the function of HPs (Figure 1). 

 

 
 
Figure 1. Total number of sequences for all unique prokaryotic and Escherichia coli 

proteins deposited in the National Center for Biotechnology Information (NCBI) as of 

April 2024 and methodological set-up of this study. Of the 4,288 genes in E. coli K-12 

protein encoding genes analyzed -  combining annotations from the MG1655 and BW25113 

substrains -  1,380 genes (32%) encode for unique proteins with functions predicted only in 

silico based on homologous sequences but lacking in vivo or in vitro experimental evidence 

(termed “putative hypothetical proteins”). 95 protein encoding genes (2%) of E. coli K-12 are 

completely uncharacterized with no sequence homologues according to the four knowledge 

databases - EcoCyc [36], RegulonDB [11], EggNOG [12] and UniProt [1] (termed “hypothetical 

proteins”). Transcriptomic datasets from NCBI were filtered and processed using the OptICA 
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approach to generate iModulons [32]. Metadata information was curated in parallel using 

manual or semi-automated approaches[39-40].Bioinformatics, machine learning and deep 

learning tools along with the presence of relevant metadata then resulted in potential functions 

for HP candidates for in vitro testing. Exp., experimentally; HPs, hypothetical proteins; ICA, 

independent component analysis; ML, machine learning. 

 

 

Results and Discussion 

Identification of uncharacterized HPs in E. coli  

In 2019, Ghatak et al. [8] had identified HP-encoding genes in E. coli K-12, however only by 

employing keywords such as ‘possibly’, ‘predicted’ or ‘hypothetical’ from the EcoCyc 

database, or annotation scores of two or below in UniProt. This approach did, however, not 

establish a stringent threshold for accurate identification of completely uncharacterized HP-

encoding genes. Hence, a more rigorous approach was used in this study, which included 

additional keywords for HPs (such as ‘Uncharacterized’, ‘Putative uncharacterized’, ‘DUF’ 

etc.) and information on the absence of any functional characterization using multiple gold-

standard databases (EcoCyc, UniProt, RegulonDB and EggNOG). 158 of the 1600 HP-

encoding genes previously listed by Ghatak et al. have now been functionally characterized 

with experimental evidence in the EcoCyc database. Notably, the HP-encoding gene ydfX, 

curated as one of the HPs in this study, was missing from Ghatak et al.'s list since it was 

previously categorized as a pseudogene/phantom gene. Its exclusion, however, could not be 

verified in the current EcoCyc database. We identified 1,403 of 4,288 genes (31.8%) of the  

E. coli K-12 genome as 'putative’ HPs, implying that their functions were inferred based on 

sequence homologies in the gold-standard databases, but lacking an experimental evidence 

for function.  A recent study using the EggNOG tool also identified about 30% in a different  

E. coli  strain (O157:H7 strain Sakai) as putative HPs [18].  

 

95 HP-encoding genes (2.1%) could be identified with no sequence homologies in the                

E. coli K-12 genome. These could be further sub-categorized in 'uncharacterized proteins' 

(53), ‘putative uncharacterized’ (5), ‘(DUF)' domain containing proteins (21) and ‘UPF’ (HPs 
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with unknown protein families, 3). 13 HPs had the characteristic ‘Protein Y…’ naming scheme. 

The distribution of those 95 HP-encoding genes within the genome can be found in the 

Supplementary (Supplementary Figure 1).  

 

 

iModulon generation and analysis 

In order to investigate the functions for the 95 uncharacterized HP-encoding genes, publicly 

available RNAseq datasets from E. coli K-12 substrain MG1655 were downloaded from NCBI 

and quality filtered. 779 high-quality datasets from the MG1655 substrain were then used as 

input for the OptICA algorithm [27]. For the substrain BW25113, a separate OptICA analysis 

was not conducted due to the very small size of the dataset. The iModulons were identified by 

utilizing the PyModulon package, specifically employing the Inferring iModulon Activities 

function [32] for the BW25133 substrain. In total, 131 iModulons were obtained for the entire 

E. coli K-12 transcriptome. Three single gene iModulons were discarded from the analyses, 

since they were considered a result of artificial knockouts or overexpression of single genes 

in the dataset. Therefore, a total of 128 iModulons were selected for further analysis.  

 

We validated our pipeline using all annotated E. coli K-12 genes and evaluated their presence 

in iModulons. A large proportion of experimentally verified genes (90%) and putative HP-

encoding genes (77%) were clustered into iModulons using the OptICA framework. Even 

among the uncharacterized HP-encoding genes, 54% could be assigned to iModulons, 

proving that the method captures co-regulation patterns. Annotations from RegulonDB and 

EcoCyc were obtained for 71% of experimentally verified genes, but only 39% and 43% of the 

putative and uncharacterized HP-encoding genes, respectively, possibly suggesting the 

presence of novel regulons. Importantly, among the experimentally verified genes with 

regulator information from RegulonDB/EcoCyc, 93% showed functional coherence via 

PANTHER GO annotations, underscoring the robustness of the analysis (Table 1). 
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Table1. Comparative analysis of the E. coli K-12 protein-coding genes based on iModulon clustering 
and functional annotation based on regulator information from RegulonDB/EcoCyc as well as GO 
categories from the PANTHER database. Genes are grouped into three categories: Experimentally 
verified, Putative HP-encoding genes lacking experimental evidence of function, and completely 
uncharacterized HP–encoding genes. For each category, the number and percentage of genes are 
reported. 

 
E. coli K-12 protein-encoding 

genes 

Experimentally 
verified   
(2,382) 

Putative HP-      
encoding 

(1,380) 

Uncharacterized 
HP-encoding 

(95) 

Clustered into iModulons 
2,144 (90%) 

 
1,061 (77%) 51 (54%) 

With known regulators from 
RegulonDB/EcoCyc 

1,697 (71%) 539 (39%) 22 (43%) 

With Functional coherence based on 
PANTHER 

1,576 (66%) 366 (27%) 20 (21%) 

Clustered into uncharacterized 
iModulons 

933 (39%) 522 (38%) 29 (57%) 

Annotated via PANTHER 546 (23%) 366 (27%) 24 (25%) 

With no iModulons 238 (10%) 319 (23%) 44 (46%) 

 

 

Of the 95 HP-encoding genes analyzed, 44 genes (46%) could not be clustered into iModulons 

using the OptICA method and were considered non-co-regulated (Figure 2, grey). The 

remaining 51 genes (54%) were successfully clustered. Among these, 22 genes (43%) were 

annotated based on known regulator information obtained from RegulonDB and/or EcoCyc, 

and further supported by GO categories derived from co-regulated genes using the PANTHER 

tool (Figure 2, orange). An additional 29 genes (57%) co-regulated with other genes but lacked 

known regulators (Figure 2, blue); of these, 24 (83%) were assigned putative functions based 

on GO enrichment of co-regulated genes. Two genes (yfeS and yffL) had identifiable 

regulators but no supporting GO annotations, while five genes (ybaA, yfaP, yjgZ, ymgI, and 

ymgJ) lacked both regulator information and GO-based functions (Figure 2, white). 

 

While our OptICA analysis pipeline follows the same framework as Lamoureux et al. (2023) 

[41] (doi:10.1093/nar/gkad750), the datasets differ in the number and diversity of experimental 

conditions. The Lamoureux dataset incorporated 1,035 RNA-seq samples from five different 

E. coli strains. In contrast, our study focuses exclusively on curated high-quality RNA-seq 

samples (779) from one E. coli K-12 substrain (MG1655), which were all uniformly processed. 
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This narrower strain and condition set reduces noise from inter-strain variation allowing more 

robust iModulon predictions. 

 

 
 
Figure 2. Regulator and functional classification for 95 HP-encoding genes in Escherichia coli 

K-12. 44 HP-encoding genes could not be clustered by the OptICA method [27] (grey), since they did 

not co-regulate with any other genes. 22 genes were characterized based on information on their 

regulators as obtained from RegulonDB and/or EcoCyc, as well as by GO categories based on the co-

regulating genes using the PANTHER tool (Protein ANalysis THrough Evolutionary Relationships) 

(orange) [33]. 29 genes co-regulated with other genes, but no information on their regulators could be 

obtained (blue). 24 out of these 29 genes could be assigned putative functions based on GO 

annotations of co-regulating genes derived from the PANTHER tool. The striped regions denote genes 

where the regulator-associated function from EcoCyc/RegulonDB did not match a GO-derived 

functional category obtained from PANTHER. Highlighted in bold are the three HP-encoding genes 

which were selected for in vitro testing. 

 
 

Functional analysis of HP-encoding genes using in silico tools 

To systematically evaluate the biological roles of HP-encoding genes, we obtained information 

from multiple data sources and assigned an overall functional inference to each gene. This 

inference was based on the convergence and consistency of predictions across diverse in 

silico tools, including iModulon-based co-regulation [11, 30], GO term enrichment (via 

PANTHER) [33], gene co-expression patterns, transcriptomic metadata conditions pertaining 

to the highest level of gene expression relative to the reference gene frr  (encoding the 

ribosome recycling factor) [42], protein–protein interaction networks (STRING) [35], genomic 

neighborhood information (EcoCyc) [36], as well as sequence and structural homology 
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(HHblits and AlphaFold) [37-38]. We categorized genes into three confidence levels based on 

the number and agreement of these annotations: 

 

1. Higher confidence: Functional annotations were assigned a higher confidence when three 

or more independent sources consistently supported a similar functional role. These proteins 

are highlighted in green in Supplementary Table 1. For instance, gene yhdN was assigned a 

high-confidence annotation based on its inclusion in a heat shock-related iModulon, higher 

expression in heat shock conditions, vicinity to a stress-response gene and predicted 

structural homology to chaperone-like proteins. 

 

2. Lower confidence: Genes with annotations supported by only two distinct but consistent 

sources were designated lower confidence (highlighted in yellow, Supplementary Table1). For 

instance, gene ydiH was predicted to play a role in oxidative stress response, since it showed 

higher expression under oxidative stress conditions as well as interaction with oxidative stress 

response gene ydjY. However, this inference could not be made based on other in silico 

information like gene co-expression, local gene context, remote sequence or structural 

homology. 

 

3. Unclear inference: Proteins for which available evidence was sparse, inconsistent, or 

uncorrelated were categorized having unclear functional roles (highlighted in red). For 

instance, no consistent functional inference could be drawn for the gene ycgX based on the 

above mentioned  in silico tools. 

 

All 95 HP-encoding genes were analysed based on these criteria. 32 of the protein encoding 

genes (highlighted in green) could be assigned functions with a high confidence. 29 of the 

genes were assigned functions based on lower confidence, since only information from a 

maximum of two sources could be well-correlated (highlighted in yellow). A clear inference 

could not be made for 34 of the genes (highlighted in red). Information retrieved for each gene 
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and functional inference (if applicable) is detailed in Supplementary Table1. A pictorial 

overview of the table based on the functional annotations for the 95 HPs can be found in 

Figure 3. 

 

 

Figure 3. Classification of HP-encoding genes based on in silico tools regarding their confidence 
of assignment and functional categories. 95 HP-encoding genes were classified into three 
categories. 32 genes (in green) could be assigned a function with a ‘higher’ confidence while 29 genes 
(yellow) were categorized with a ‘lower’ confidence. 34 genes (red) could not be functionally annotated. 
A ‘higher’ confidence implies well-correlated information from three or more in silico tools/databases 
(sources). A ‘lower’ confidence implies information could only be correlated from at least two sources. 
Genes with higher and lower confidence were functionally categorized based on all available in silico 
information (from Supplementary Table 1). 
 
 

To experimentally validate our in silico derived annotations, we selected three HP-encoding genes—

yhdN, yeaC, and ydgH (highlighted in grey in Supplementary Table 1)—based on multiple, 

converging lines of evidence suggesting their potential functional roles. The function of each gene was 

supported by more than three independent in silico analyses, making them high-confidence 

candidates for experimental validation. The selected functional categories were chosen to be easily 

tested with standard microbiological and molecular biology methods, namely growth curves and 

transcriptomics using the wild-type and the respective deletion mutants. yhdN was predicted to be 

associated with heat shock response, while yeaC and ydgH were both linked to oxidative stress. 
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Although yeaC and ydgH had the same predicted functional category, ydgH was additionally selected 

due to its association with an uncharacterized iModulon, therefore lacking regulator information. 

 

 

Protein encoding gene yhdN 

Protein YhdN, characterized by the presence of a domain of unknown function (DUF1992), 

was predicted to be involved in heat shock response. The gene encoding yhdN is regulated 

by the RNA polymerase sigma factor RpoH (σ32), which serves as the primary heat shock 

transcriptional regulator. Under normal conditions, RpoH levels are kept low due to chaperone-

mediated degradation; however, these levels increase significantly upon heat shock [43]. GO 

annotation for this cluster is categorized under 'response to heat'. Based on publicly available 

transcriptomic data [43], the yhdN gene exhibited significant expression in cells grown to the 

stationary phase, with a Log2FC of 5.5 relative to the reference gene frr,  signifying a 45 times 

higher expression of yhdN gene. This observation suggests that the yhdN gene is highly 

expressed during the stationary phase and therefore might have a role in nutrient stress 

response. Additionally, yhdN expression was upregulated following exposure to a transient 

heat shock at 50°C for 15 minutes, with a Log2FC of 4.8 and 27 times higher expression, 

suggesting that the gene might also play a role in heat shock response. Co-expression 

analysis using Spearman correlation of the gene resulted in a high correlation with the gene 

zntR (0.93) encoding an HTH (helix-turn-helix)-type transcriptional regulator [44] which is 

involved in protein stability and prevention of aggregates [45,46]. Genes yhdN and zntR are 

also part of the same transcription unit (EcoCyc database). Other genes with high correlations 

to yhdN were relB (0.84), pspB (0.84) and pspC (0.84), all of which are involved in stress 

response [47] (Supplementary Figure 3A.). Gene relB encodes for an antitoxin protein 

involved in regulation of growth [48] while genes pspB and pspC encode for phage shock 

proteins that are known to be induced by infection with bacteriophages or ethanol, osmotic 

and/or nutrient stress as well as heat shock conditions [49]. Protein-protein interaction (PPI) 

analysis showed highest interaction confidence with ZntR. The local genomic context analysis 
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showed genes zntR and rplQ (a ribosomal subunit protein) as neighbouring genes. Protein 

YhdN showed remote sequence homology to a protein cluster comprising of uncharacterized 

conserved proteins and was structurally homologous to conserved proteins with similarity to 

J-domains of chaperones, regulating the activity of heat-shock proteins [50]. To elucidate the 

potential function of yhdN, we hypothesized that its absence would affect bacterial growth 

under heat shock conditions and possibly the cells stationary phase under nutrient limitation. 

This hypothesis was tested by comparing the growth patterns of the E. coli K-12 substrain 

BW25113 wild type and its isogenic ΔyhdN knockout mutant under a transient heat shock 

condition (50°C) and recovery at 37°C in LB and nutrient-limited M9 medium (Figure 4A,B). 

 

Protein encoding gene yeaC 

Protein YeaC is characterized by the presence of a DUF1315 domain. Gene yeaC is predicted 

to be governed by the regulator ArcA, which regulates a group of proteins involved in redox 

homeostasis and aerobic respiration [51]. The GO annotation for this cluster was predicted as 

‘aerobic respiration’. Analysis of gene yeaC in publicly available transcriptomic datasets 

showed slightly higher expression levels against gene frr in LB medium at 37°C under normal 

O2 conditions (log2 FC 1.9) (Supplementary Table1) and in knock-out mutants for genes 

encoding type II NADH:quinone oxidoreductase (ndh), Cytochrome bd-I ubiquinol oxidase 

(cydB) and Cytochrome bd-II ubiquinol oxidase (appC), involved in the Tricarboxylic acid cycle 

or oxidative phosphorylation [EcoCyc] (log2 FC 1.7). Based on the co-expression analysis of 

public data, the highest correlation was observed with a gene encoding for a peptide 

methionine sulfoxide reductase (msrB), which is an oxidoreductase and known to be highly 

expressed during oxidative stress to maintain the cell-redox homeostasis (Supplementary 

Figure3B). Other highly correlated genes involved succinate dehydrogenase cytochrome 

b556 subunit (sdhC), succinate dehydrogenase hydrophobic membrane anchor subunit 

(sdhD) and Fumarate hydratase class I, aerobic (fumA), which are all involved in the 

tricarboxylic acid or TCA cycle (Supplementary Figure 3B). PPI analysis also showed highest 

interaction confidence with MsrB. Additionally, it neighbours the msrB gene and a putative 
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zinc-binding dehydrogenase, ydjL which is also involved in oxidoreduction (UniProt) 

(Supplementary Table1). Protein YeaC shows remote sequence homology to other proteins 

involved in transcriptional regulation. Structural homology revealed similarities to a group of 

uncharacterized proteins with unknown functions. We hypothesized that yeaC affects the cell-

redox homeostasis and cellular growth under oxidative stress. This hypothesis was tested by 

comparing the growth patterns of the E. coli K-12 substrain BW25113 wild type and the 

isogenic ΔyeaC strain with a sub-lethal concentration of H2O2 (2.5 mM) (Figure 4C). 

 

Protein encoding gene ydgH 

Protein YdgH has a DUF1471 domain of unknown function. It is predicted to be part of an 

unknown cluster, with no information on its regulator. The GO annotation for this cluster, 

however, is categorized under oxidoreduction (complex I). The energy-converting 

NADH:ubiquinone oxidoreductase respiratory complex I, is the main entry point for electrons 

from NADH into the respiratory chains in bacteria [52]. Based on the public datasets, we could 

not obtain a gene-specific condition where gene ydgH had higher expression compared to 

gene frr. Co-expression analysis of ydgH from the publicly available RNAseq datasets 

revealed highest correlation with a 6-phospho-beta-glucosidase (bglA) encoding hydrolase, 

involved in the hydrolysis of phosphorylated beta-glucosides (Supplementary Figure 3C). 

Other highly correlated genes were phosphoglycolate phosphatase (gph) and ribulose-

phosphate 3-epimerase (rpe) involved in oxidative stress response (Supplementary Figure 

3C). PPI analysis showed highest interaction confidence with YjfY, a putative HP, with a 

possible role in stress resistance (UniProt). Genomic context provided information on a 

neighbouring upstream gene involved in NAD(P)+ transhydrogenase activity, annotated as 

NAD(P) transhydrogenase, pntA, which is known to play a role in oxidative stress [53]. The 

protein showed remote sequence homology to a YdgH/BhsA/McbA-like domain involved in 

stress response/biofilm formation and pathogenesis (Interpro, IPR010854). The structural 

similarity was only to uncharacterized proteins with unknown function. Following a similar 
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hypothesis to that proposed for yeaC, we evaluated the growth patterns of the wild type and 

the isogenic ΔydgH under oxidative stress (Figure 4D). 

 

In vitro analyses of candidate proteins 

Effect of heat shock on growth  

To determine the effect of a transient heat shock at 50°C (7 minutes), the wild type and the  

E. coli BW25113 ΔyhdN strains were grown in LB medium. The ΔyhdN was seen to have a 

growth defect of ~18% after 6h of growth based on the OD values obtained (Figure 4A). It 

was observed that after 6h of growth, the mutant could not resume normal growth compared 

to the wild type. Additionally, the effects of a transient heat shock in Nitrogen-limited M9 

medium showed a significant growth defect of ~50% (Figure 4B). Growth curves for WT and 

𝜟yhdN in different temperatures can be found in the supplementary (Supplementary Figure 

4A). Growth defects were also observed in ΔyhdN compared to the wild type when both the 

strains were grown continuously at 50°C. Since growth at 50°C is however severely inhibited 

and cell started dying after 3h (Supplementary Figure 4B), it was difficult to say whether this 

was solely based on the absence of the protein YhdN in the mutant cells. Statistically 

significant differences between WT and mutants under stress were observed at selected time 

points (p < 0.05). 

 

The improved growth of the heat-shocked wild-type strain is consistent with stress-induced 

preconditioning [53]. Exposure to sublethal heat (50°C for 15 minutes in our study) likely 

activates the σ³²-mediated heat-shock regulon in E. coli, leading to the induction of protective 

proteins such as molecular chaperones (e.g., DnaK, GroEL) and ATP-dependent proteases. 

These effectors help maintain proteostasis by refolding denatured proteins and removing 

damaged proteins, thereby enhancing cellular resilience upon return to optimal growth 

conditions. Such preconditioning has been shown to improve cellular fitness by enabling a 

more efficient response to subsequent stress  [54-55]. In our study, this may explain the 

reproducible increase in optical density observed in wild-type cultures following heat 
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treatment, as cells that activated the heat-shock response were better equipped to resume 

rapid growth during the recovery phase. 

 

Effect of sublethal H2O2 concentration on growth 

To determine the effect of sublethal H2O2 concentration, the wild type (WT), 𝜟ydgH and 𝜟yeaC         

E. coli BW25113 strains were grown in LB medium until an OD600nm of 0.2 and then exposed 

to an H2O2 concentration of 2.5 mM, which is known to causes DNA damage and oxidative 

stress [56] (Figure 4C & D). To study the responses due to oxidative stress, the absorbance 

values (OD600nm) after each hour over a 5h time period were measured. H2O2 was added to 

the cell culture during the exponential phase of growth, which is characterized by rapid cell 

division and metabolic activity and where the quorum-sensing signalling, i.e. process which 

allows the bacteria to communicate and adjust gene expression according to cell density, is 

minimal. Under non-stress conditions, the WT and mutant strains (ΔydgH and ΔyeaC) 

exhibited comparable growth, with no significant differences observed.  A growth lag was 

observed in the mutants (𝜟ydgH and 𝜟yeaC) as compared to wild type when the medium was 

supplemented with 2.5 mM H2O2. A growth defect of ~25% was observed in the mutant when 

WT was compared to 𝜟yeaC at the 1h timepoint. This was reduced to ~7% after 5h of growth 

underscoring the probability of the gene being expressed at this time point to counterfeit the 

oxidative stress. Similarly, a growth defect of ~36% was observed in 𝜟ydgH as compared to 

WT at 1h, which decreased to ~2% after  5h, again probably due to stress adaptation and 

expression of gene ydgH. 
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Figure 4.  Growth curves of E. coli K-12 BW25113 wild type (WT) and isogenic deletion mutants. 

(A, B) Effect of transient heat shock on  WT and 𝜟yhdN cells. WT and the respective mutant strain were 

exposed to a transient heat shock at 50°C for 7 minutes, (at OD600nm= 0.04) and grown for 12 h in A. 

LB medium and B. in Nitrogen-limited M9 medium. (C, D) Bacterial growth of WT and respective 

mutants at 37°C exposed to sub-lethal concentration of 2.5 mM H2O2, added during the exponential 

phase (OD600nm = 0.2) and grown for 5h. C. WT and 𝜟yeaC and D. WT and 𝜟ydgH cells. WT are 

indicated by filled circles (  ) and mutants by filled triangles (  ). Green lines represent controls, orange 

lines stress conditions. Average of three independent readings taken for each specified condition. Error 

bars on the graph indicate standard deviation from the mean. 

 

Differential gene expression analysis  

For a comparative analysis of differentially expressed genes (DEGs) and their functions in WT 

vs. the mutant  strains, all up- and down-regulated genes were analysed (Figshare > DEGs > 

Table1) (see Data Availability section). All supporting datasets and tables are hosted on 

Figshare (https://figshare.com/s/0ede175c510cf201e7c2) and are organized into thematic 

subfolders. For example, the differential gene expression data are located under 

‘DEGs/Table1. For positively regulated DEGs, representing genes upregulated in the WT 

strain, a Log2 fold change (Log2FC) threshold of ≥1.5 was applied, corresponding to a 

minimum 2.8-fold increase in expression levels. This cut-off ensured the inclusion of genes 

with significant upregulation while minimizing noise [57]. Conversely, for negatively regulated 

DEGs, corresponding to genes upregulated in the mutant strains, a Log2FC threshold of ≤-

1.5 was used. 

A. B. 

C. D. 
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WT vs. 𝜟yhdN 

Analysis of the WT strain at the 2h and 6h time points showed that yhdN was only significantly 

expressed after 6h, hence this time point was chosen. In total, 484 differentially expressed 

genes (DEGs) with an adjusted p-value (padj) ≤ 0.1 were identified, including 213 genes with a 

positive log2 fold change (log2FC ≥ 1.5) and 271 genes with a negative log2 fold change 

(log2FC ≤ –1.5). Within the positive DEGs, an analysis of the top 10 genes, resulted in one 

gene involved in protein folding, five in stress response and four in motility/chemotaxis (Figure 

5A). Significantly upregulated genes in the WT strain were tdcB (Log2 FC=7.37) and pyrB 

(Log2 FC=6.14). tdcB, encoding for threonine dehydratase is known for being expressed 

during nutrient deprivation (EcoCyc) and gene pyrB is involved in pyrimidine metabolism and 

associated with biofilm production under stress [58]. Gene tnaA (Log2 FC=6.02), which 

encodes for tryptophanase, has been recently studied for its role in protein folding and 

dissolution of protein aggregates [59]. Motility and chemotaxis genes such as fliL (Log2 

FC=6.24), flgD (Log2 FC=5.99) are also known to be involved in chemotaxis and flagellar 

organization respectively (EcoCyc). 

 

In 𝜟yhdN, the top ten negative DEGs included two genes involved in heat shock, six in some 

type of stress response and interestingly two other were uncharacterized hypothetical 

proteins. bolA (Log2 FC=-5.53), a DNA binding transcriptional regulator, plays a role in cellular 

stress response including heat stress [60] and mgtS (Log2 FC=-5.01), a small inner membrane 

protein encoding gene, which when overexpressed induces the RpoH regulon (heat shock 

response) [61] (Figure 5A). Other upregulated genes in 𝜟yhdN involved glgS (Log2 FC=-5.34), 

encoding for a surface composition regulator for biofilms and ymgA (Log2 FC=-4.44) encoding 

a putative two-component system connector protein, known to play an important role in biofilm 

formation (EcoCyc). Upregulation of these genes in the deletion mutant suggests a 

compensatory mechanism to mitigate stress. Additionally, a HP-encoding gene, yodC was 

also upregulated (Log2 FC=-6.39) in 𝜟yhdN. Interestingly, this gene was predicted to play a 
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role in oxidoreduction (Supplementary Table 1). The results of this transcriptomic experiment 

could further aid in forming a hypothesis of this gene for in vitro testing. Another HP-encoding 

gene yffR (Log2 FC=-4.85), was predicted to play a role in stress response (Supplementary 

Table 1) which aligns with the fact that a majority of stress-response genes were upregulated 

in the WT, when gene yhdN is present. 

 

All observations highlight WT strain's prioritization of growth and motility, possibly facilitating 

better environmental sensing and resource acquisition under stress while the absence of yhdN 

gene seems to upregulate other heat shock and stress response genes which reorient 

metabolic processes towards alternative survival strategies such as biofilm formation. Hence, 

the protein encoding gene yhdN is predicted to be a stress response gene involved in the 

regulation of heat shock or nutrient limitation response, possibly also playing a broader role in 

general stress response. 

 

WT vs. ΔyeaC  

In WT strain, the yeaC gene exhibited a significant upregulation after the 5h, with a log2 FC of 

3 relative to the 1h time point, where its expression was undetectable. This log2FC 

corresponds to an 8-fold increase in expression. Hence, the 5h time point was chosen for the 

analysis. A total of 156 DEGs for WT vs. ΔyeaC were obtained after filtering (padj≤0.1). In WT 

vs. yeaC, 87 genes had a positive Log2 FC while 69 had a negative Log2 FC.  

 

Analysis of the top ten upregulated DEGs in the WT strain resulted in three oxidative stress 

response genes, two other stress response genes, two methionine biosynthesis genes and 

three genes involved in bacterial secretion system and transposition (EcoCyc). The 

upregulation of the latter three genes in WT was difficult to explain, since there was no 

conclusive literature available (Figure 5B). Significantly upregulated DEGs involved ymcE 

(Log2 FC=6.81) which provides tolerance to n-butanol (EcoCyc), prpE (Log2 FC=4.75) which 

responds to hydrogen peroxide (EcoCyc) and iprA (Log2 FC=4.34), which encodes for an 
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inhibitor of hydrogen peroxide [62]. metF (Log2 FC=4.49), a methionine biosynthesis gene, is 

also known to provide protection against oxidative stress: Methionine is a precursor in the 

synthesis of cysteine, which is a component of glutathione—a major intracellular antioxidant. 

Glutathione is known to neutralize reactive oxygen species [63].  

 

All of the upregulated genes in ΔyeaC were involved in motility/chemotaxis-based functions 

(Figure 5B). Significantly upregulated DEGs included genes like fliF (Log2 FC=-9.86), fliO 

(Log2 FC=-9.26) and fliJ (Log2 FC=-9.26). The upregulation of these genes in ΔyeaC signify 

that the cells prioritize the expression of motility-based genes. They are known to aid the 

bacterium in adapting to environmental changes by modulating their expression [64]. 

Moreover, there is often a trade-off between motility and stress resistance. Studies have 

shown that hypermotile E. coli strains, which exhibit increased expression of motility genes, 

may have reduced expression of stress resistance genes, as was also observed in the 

downregulated DEGs in the WT. Hence, as opposed to WT, the deletion mutant prioritizes 

motility and chemotaxis to mitigate oxidative stress. 

 

WT vs. ΔydgH 

The ydgH gene demonstrated an upregulation after the 5h, with a log2FC of approximately 3.7 

as compared to 1 hour, indicating a 13-fold increase in expression. Hence, also in this case 

the 5h time point was chosen for further analysis. A total of 231 DEGs were obtained after 

filtering (padj≤0.1), resulting in 111 genes with a positive Log2 FC and 120 genes with a negative 

Log2 FC. 

 

Top ten positive DEGs (Log2 FC≥1.5) involved six stress response genes, one protein 

transport gene, one membrane biosynthesis gene, one fatty acid oxidation gene and one HP-

encoding gene (Figure 5C). Significantly upregulated genes were dsrB (Log2 FC=3.89), 

encoding for a putative stress response protein [65] and ghoS, (Log2 FC=3.65), an antitoxin 

protein which prevents cell death [66]. Gene fadM (Log2 FC=2.4), encoding a thioesterase, is 
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responsible for breaking down fatty acids into acetyl-CoA units, which can then be utilized in 

energy production [67]. Another gene, tatE (Log2 FC=2.69) encoding for a transporter, is 

involved in transport of folded proteins and maintaining of cellular redox balance [68]. Gene 

yoaH, a HP-encoding gene whose function was previously unclear from Supplementary 

Table1, might also play a role in oxidative stress response and should be further investigated. 

The role of lipopolysaccharide biosynthesis gene ais (Log2 FC= 2.41) was, however, unclear. 

 

In 𝜟ydgH, the top ten negative DEGs included eight motility/chemotaxis genes along with one 

sulphur metabolism and one urate transport gene (Figure 5C): fliF (Log2 FC=-6.92) and fliA 

(Log2 FC=-5.18) play a crucial role for motility (EcoCyc), uacT (Log2 FC=-6.22) is involved in 

urate transport, which has already been studied to reduce the effects of oxidative stress in  

E. coli [69]. The role of gene cysP regarding oxygen stress, which is involved in sulphur 

metabolism [70] is unclear at the moment and calls for further investigation.  

 

In WT, the upregulation of genes involved in response to stress, i.e. ghoS suggest that the 

cells prioritize conservation of resources by entering a dormant state, i.e. formation of persister 

cells [66]. Due to the absence of ΔydgH the cell seems to attempt to compensate for the loss 

of oxidoreductive function by utilizing genes related to motility and chemotaxis (Figure 5C). 

This increased expression could be an adaptive response to maintain survival under 

continuous exposure to oxidative stress. Hence, similar to the previous case (WT vs. ΔyeaC), 

more stress response genes were upregulated in WT while motility/chemotaxis genes were 

upregulated in ΔydgH.  
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Figure 5. Comparative differential gene expression analysis in A. wild type (WT) vs. ΔyhdN, B. 

WT vs. ΔyeaC and C. WT vs. ΔydgH strains. Top ten positively and negatively expressed DEGs are 

shown. Each row represents a gene, and colour intensity represents the Log2 Fold Change (Log2 FC), 

with red indicating upregulation in WT and green indicating upregulation in the mutant strains. 

Functional categories were based on information retrieved from Literature and EcoCyc.  

 

 

 

Conclusion and Outlook 

The functional characterization of hypothetical protein (HP)-encoding genes remains a critical 

challenge, since the rapid accumulation of sequencing data has long surpassed the rate of 

possible experimental characterization in vivo and in vitro. While there have been notable 

advancements in methodologies for protein function prediction in the recent past, several 

challenges persist, including the heavy reliance on pre-existing data inferred from model 

organisms. Unfortunately, even in the best studied model organisms a significant amount of 

protein encoding genes could so far not been annotated. 
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AI-driven approaches, such as machine learning (ML) algorithms, now offer powerful tools to 

analyze vast omics datasets. In this study we employed a comprehensive approach, 

integrating independent component analyses to decipher transcriptional regulatory networks, 

deep learning for structural homolog prediction, and various other bioinformatic tools to 

characterize HPs that have no functional information available in public databases. With this 

methodology putative/probable functions for at least 64% of 95 hypothetical HPs encoding 

genes from E. coli K-12 could be extrapolated, facilitating the subsequent functional validation 

of these proteins through in vitro and in vivo experiments in the future. For the remaining 36% 

HPs, however, more high-quality datasets including metabolomics and proteomics are 

probably needed, as these genes are often seen to be expressed under very specific 

environmental conditions from which only one dataset was available. Nevertheless, for most 

proteins it is possible to derive at least some characteristics from their general sequence 

properties, whether there is evidence of expression, their possible cellular location, details of 

homologs, or whether they are predicted or demonstrated to be expressed as part of an 

operon and/or regulon. Taking these information into account in databases will aid in the 

improvement of using AI tools for annotation in the future.  

 

In this study we furthermore provided an experimental feedback loop for three HP-encoding 

genes to verify the in silico prediction. Gene yhdN ought to play a role in the cells’ responding 

to heat shock and nutrient limitation, which could be confirmed by comparing the growth 

curves and transcriptional responses of wild type and ΔyhdN. For the second candidate yeaC, 

in silico predictions suggested a role in aerobic respiration. Experimental evidence supported 

this hypothesis by the upregulation of oxidative stress response and methionine biosynthesis 

genes, hence it is likely involved in scavenging reactive oxygen species. In contrast, the 

significant upregulation of “Motility”/Chemotaxis” genes in the deletion mutant suggest that 

during the absence of yeaC, bacteria may enhance motility pathways as an adaptive 

mechanism under oxidative stress. The third candidate ydgH, was predicted in silico to play a 

Jo
ur

na
l P

re
-p

ro
of



25  

role in oxidoreduction, which could also be confirmed by the in vivo experiments showing its 

role in the protection against oxidative stress. Similar to yeaC, in the mutant an upregulation 

of motility/chemotaxis genes indicate that in the absence of ydgH, the cell may compensate 

for reduced oxidoreductive function. However, it is important to acknowledge that our 

understanding still remains incomplete since the functional landscape of proteins is vast and 

complex. Future studies and more omics datasets are needed to further refine and expand 

upon our findings, exploring the broader implications of these proteins under different 

environmental conditions.  

 

While our integrative analysis using OptICA and other in silico tools proved effective in 

generating functional predictions for HP-encoding genes, some limitations must be 

acknowledged. First, the accuracy of OptICA-based co-regulation analysis is inherently 

dependent on the quality and range of experimental conditions represented in the underlying 

transcriptomic datasets. Second, although our model predicted functions for approximately 61 

(64%) of the 95 HP-encoding genes analyzed, experimental validation was performed for only 

three. Comprehensive experimental testing of all genes is, however, beyond the scope of this 

study. Nevertheless, we recognize that expanding in vivo/in vitro validation will be essential to 

fully assess the robustness our approach. Third, regulatory mechanisms and gene functions 

are dynamic and may vary across strains or under environmental conditions not captured in 

our dataset. In the future, integrating pan-genome variation into the OptICA framework could 

further enhance our ability to detect strain-specific regulatory patterns and broaden the 

applicability of functional predictions across diverse microorganisms. Despite these 

limitations, our method provides a scalable, data-driven, and interpretable approach for the 

functional characterization of HP-encoding genes in E. coli. 

Our pipeline is primarily designed to streamline the selection of experimental conditions, 

facilitating efficient functional validation of HP-encoding genes. Importantly, the methodology 

developed in this study is inherently generalizable. All tools employed are not specific to  
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E. coli. Transcriptomic data and ICA-based workflows have already been successfully applied 

to different bacterial species [71-73].  

 

In conclusion, this study represents a significant step forward in elucidating the functions of 

previously uncharacterized HPs with no information in existing knowledge databases. 

Leveraging AI-driven annotations and integrating them with experimental laboratory work will 

link new functional roles of genes, discover previously unknown cellular and metabolic 

processes and maybe even biotechnological potentials. In the future this approach might also 

aid in the isolation of new and so far uncultured microbial species, i.e. microbial dark matter, 

by harnessing meta-omics datasets and identifying genes critical for growth and adaptation, 

offering clues to optimize culture conditions.  

 

 

Methods 

Identification and enumeration of hypothetical proteins (HPs)  

For the comprehensive analysis of Escherichia coli K-12 (E. coli) substrains MG1655 and 

BW25113, the complete genome sequences available in the NCBI RefSeq database under 

the accession number GCF_000005845.2 and GCF_004355105.2 were used, respectively. 

Ribosomal RNA (rRNA), transfer RNA (tRNA), non-coding RNA (ncRNA) were filtered out. 

CDS based annotations were used to find hypothetical proteins (HPs). HPs were identified 

based on keywords like “Putative”, “Putative uncharacterized”, “Uncharacterized protein” and 

“DUF (domain of unknown function)-domain containing protein”, “UPF” (unknown protein 

family) as well as proteins having a ‘Protein Y…’ pattern. Further information was extracted 

from the extensively curated databases EcoCyc version 26.1 [36],  RegulonDB version 11.2 

[11], EggNOG v6.0 [12] and UniProt release 2023_04 for proteome UP000000625 [1].  

In order for a HP to be classified as a protein with no characterization (target group of this 

study), it had to fulfill all of the following criteria: 
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1. The EcoCyc protein summary showed the statement 'No information about this'. 

Additionally, the protein had to be marked as ‘Uncharacterized’. Proteins marked as 

‘Partially characterized’ in EcoCyc were further investigated using UniProt. The 

EcoCyc protein summary showed the statement 'No information about this'. 

Additionally, the protein had to be marked as ‘Uncharacterized’. Proteins marked as 

‘Partially characterized’ in EcoCyc were further investigated using the knowledgebases 

discussed above. 

2. In UniProt the protein lacked any functional information in the 'Function' section and 

was assigned an annotation score of '1', and a ‘protein existence’ score of ‘4’ signifying 

that the protein, although predicted to be expressed, lacked information based on 

experimental evidence or orthologs in closely related species. For the “Function” 

section, a score of '1' is the lowest rating in a five-point-scoring system and for the 

“protein existing” category a score of ‘4’ out of ‘5’, where ‘5’ indicates a higher level of 

uncertainty regarding the protein's expression.  

3. In the RegulonDB database it had the label “Weak” evidence for an annotation in the 

evidence section and no additional information in the ‘Note’ subsection. 

4. In the EggNOG database the protein was either classified under the cluster of 

orthologous groups (COG) with a functional category 'S', where 'S' designates proteins 

belonging to an unknown function category or it lacked an ortholog which was 

displayed as ‘No orthologs found’. 

 

95 of the 4,288 E. coli K-12 protein encoding genes fulfilled these criteria. All scripts for the 

filtering and enumeration of uncharacterized HPs can be found on Figshare 

(Notebooks>HP_curation). In addition, the here identified HP-encoding genes were compared 

with the ones identified by Ghatak et al. in 2019 [8] to check for their current status. 

 

Transcriptomic data curation and processing 
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RNA-sequencing data from NCBI for analyzing the expression patterns of genes was collected 

for E. coli K-12 substrains MG1655 and BW25113 using an adapted workflow for Bacillus 

subtilis [32]. For substrain MG1655 1854 datasets and for substrain BW25113 662 datasets 

were downloaded and processed. Quality metrics were established to filter and ensure the 

selection of high-quality datasets [41]. 779 datasets for substrain MG1655 and 135 datasets 

for substrain BW25113 were then used for further analysis. All other information on the E. coli 

K-12 genes including their transcription units, descriptions etc. were sourced from EcoCyc by 

utilizing the SmartTables feature [36]. Annotations for clusters of orthologous groups (COG) 

were obtained from EggNOG v6.0 [12] including GO [74]. The transcriptional regulatory 

network (TRN) comprising information on genes and their governing regulators (i.e. 

transcription factors controlling the expression of genes) were sourced from RegulonDB 

version 12.0 [11] and EcoCyc [36] as described by Rychel et al. [32] In order to mitigate any 

batch effects which might be caused due to the usage of diverse datasets, a reference 

condition (wild type E. coli K-12 substrain MG1655 in M9 minimal medium facilitated with 

glucose and essential micronutrients under non-stressful conditions) was used [30]. The 

normalized data was then used as input for machine learning (Data processing>Nextflow). 

 

Independent Component Analysis of Transcriptomic Data 

Independent Component Analysis (ICA) developed by McCon et al. -named OptICA- was 

applied to prevent both over-decomposition and under-decomposition of transcriptomic 

datasets [27]. The application of ICA to the normalized E. coli K-12 substrain MG1655 RNAseq 

data resulted in two matrices: the first matrix, denoted as the M matrix, encompassing the 

robust independent components named iModulons, while the second matrix, termed the A 

matrix, comprised the corresponding activities of iModulons over different growth conditions. 

Additionally, a PyModulon package was used in conjunction with Jupyter notebooks to 

characterize the iModulons [32]. The scripts containing the specific utilization of resources and 

curation of iModulons can be found on Figshare (OptICA and iModulon curation). The 

information from substrain MG1655 was then used to infer the iModulons and their member 
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genes for substrain BW25113, since only for the latter strain single-gene deletion mutants 

were available for in vitro experimentation. The HP-encoding genes, the regulators governing 

them, and their derived functions can be found in Supplementary Table 1. 

 

Possible functions for the 95 HP-encoding genes were further identified through regulators 

governing their gene expression, as provided by RegulonDB and EcoCyc and/or by GO terms 

derived from co-regulating genes using the PANTHER (Protein ANalysis THrough 

Evolutionary Relationships) tool [33]. Here, member genes of an iModulon (including the gene 

of interest, i.e. the HP-encoding gene) were used as input to obtain GO terms to see if any 

were overrepresented. Statistically significant GO categories with the default false Discovery 

Rate (FDR)-adjusted p-value (<0.05) were manually identified for each HP. These gene-

associated functional categories can be found in Supplementary Table1 and Figure 2.  

 

Metadata extraction 

Metadata conditions for all datasets were retrieved either manually from the sequence read 

archive (SRA), via a semi-automated approach, using the NCBI’s Entrez Programming Utilities 

(E-utilities) [75] Click or tap here to enter text.or by utilizing data from the Gene Expression 

Omnibus Database using the GEOparse tool [76] to obtain experimental information. As a 

result, from 779 quality checked datasets for the substrain MG1655, metadata for 602 datasets 

could be retrieved with confidence and termed as ‘Explicit metadata’. 113 datasets were 

termed as ‘poor metadata’, meaning that information on one or more experimental conditions 

(such as media composition, temperature, pH, etc.) was missing or incomplete. Lastly, 

datasets with ‘unclear metadata’ lacked all information. For the substrain BW25113, 128 

datasets were ‘Explicit’ while seven were ‘unclear’ (Notebooks>metadata_curation). 

Additionally, metadata condition for the highest expression of the HP- encoding genes against 

the reference gene frr were extracted from the Tjaden dataset [75] in order to account for the 

loss of datasets after quality filtering (also see below). The expression of the frr gene was 
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consistently stable across various conditions in this study, supporting its use as a reference 

gene for the uncharacterized HP-encoding genes. Notably, frr  has also been employed as a 

reference gene in a recent study [41], Hence, it was chosen as the reference gene serving as 

a control to validate the relative expression levels of other genes. The extensive nature of this 

dataset ensured a broad representation of gene expression profiles, in addition to the datasets 

procured for OptICA analysis (Notebooks> metadata_curation). 

 

Co-expression analysis based on public RNA-Seq data 

To identify genes with expression patterns similar to those encoding HPs, a Spearman 

correlation analysis [76] on the Tjaden dataset was performed. This dataset comprises a 

comprehensive collection of 3,376 E. coli strain K-12 RNA-seq datasets, with expression 

levels quantified in transcripts per million (TPM). For inferring gene-gene correlations across 

the transcriptomic datasets for strain E. coli K-12, we identified the top ten co-expressed genes 

to the respective 95 HP-encoding gene and used this information to get an inference on their 

functions using the EcoCyc database [36] (Supplementary Table1) (Notebooks>gene_co-

expression). 

 

Sub-Cellular Localization 

For the purpose of determining the subcellular localizations of the 95 HP-encoding genes, 

BUSCA (Bologna Unified Subcellular Component Annotator) was employed [34]. This tool 

integrates various machine learning and bioinformatics tools to analyze and recognize 

patterns in protein sequences that are indicative of specific subcellular localizations. The 

integrative webserver was used to obtain labels such as ‘Nucleus’, ‘Periplasm/cytoplasm’, 

‘Inner/outer membrane’ or ‘extracellular space’. All 95 HP-encoding genes with their predicted 

sub-cellular localizations can be found in Table1. 

 

Protein-Protein Interactions (PPIs) Analysis 
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The STRING database (version 12.0) (https://string-db.org) was employed for the 

identification of PPIs of HP-encoding genes against the proteomic landscape of E. coli. The 

tool incorporates data from diverse origins such as available publications, empirical evidence, 

predictions derived from co-expression patterns, genomic context analysis, and curated 

pathway databases. A ‘confidence score’ for each inferred association was derived, 

quantitatively expressing the robustness of the predicted interaction [35]. In order to keep only 

the high-scoring associations, a cut-off of 0.7 was utilized [77]. All 95 HP-encoding genes and 

their interacting partner proteins are listed in Supplementary Table1. 

 

Analysis of Gene Context  

Shared functional relationships were analyzed using the genomic context of                                         

E. coli strain K-12 (Supplementary Figure 1), particularly the genes located upstream and 

downstream of the 95 genes of interest. A gene list comprising of gene names was used to 

create a SmartTable in the EcoCyc database to examine the local genomic neighbourhood 

and visualize the genes upstream and downstream, including their orientations [36]. 

(Supplementary Table1). 

  

Detection of Remote Protein Homology 

In order to identify distantly homologous sequences, HP sequences were used as input for 

the HHblits tool (version 3.3.0) available in the MPI Bioinformatics Toolkit using a Hidden 

Markov Model (HMM) iterative sequence search [37]. The HHblits server 

(https://toolkit.tuebingen.mpg.de/tools/hhblits) takes a single sequence or a multiple sequence 

alignment as input and iteratively searches through the selected HMM databases. HHblits 

offers higher sensitivity for remote homology detection than traditional tools like PSI-BLAST 

and HMMER [78], which underpin several databases integrated into InterPro. Homologous 

sequences were then searched against the default UniRef30 database [37]. Sequence based 
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remote homologies identified through the HHblits tool are catalogued in Supplementary 

Table1. 

 

Structure-Based Homology 

For identifying structural homologs, we used the AlphaFold Protein Structure Database 

(AFDB) (https://cluster.foldseek.com/), a specialized computational database that includes 

structural models for approximately 215 million protein sequences. This platform employs 

deep learning algorithms to scan and match protein structures, enabling the discovery of 

structural similarities, even among proteins with low sequence identity [38]. We analyzed 

clusters to perform comparisons of HPs with all protein structures in the AFDB. UniProt 

accession IDs were used as inputs to identify the cluster to which the HP belongs. The 

homology-based function information for each of the 95 HP is listed in Supplementary 

Table1. A script to extract the information can be found on Figshare (Notebooks> 

HP_info_curation). 

 

Bacterial strains and growth conditions 

E. coli K-12 substrain BW25113 was sourced from Horizon Discovery Ltd., United States. 

Three single-gene knockout mutants from E. coli strain K-12 substrain BW25113 ΔyhdN, 

ΔyeaC, and ΔydgH were obtained from the KEIO collection (NBRP, Japan). Glycerol stocks 

were stored in an ultra-low temperature freezer (Thermo Fisher, United States) at −80°C until 

further processing. Cells were cultured overnight on agar plates from glycerol stocks and 

single colonies were picked from the agar plate and then used to Luria Bertani (LB) liquid 

medium at 37°C.  

 

Media and reagents  

E. coli strains were cultured in LB broth (10 g/L tryptone, 5 g/L yeast extract, and 10 g/L NaCl; 

pH 7.0) at 37°C while shaking at 200 rpm [79]. M9 liquid medium for the pre-culture was 

prepared using 42 mM Na2HPO4, 22 mM KH2PO4, 8.5 mM NaCl, 18.7 mM NH4Cl, 2 mM 
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MgSO4, 0.1 mM CaCl2 and 11 mM glucose, supplemented with 0.05% casamino acids to 

ensure non-limiting conditions. For nitrogen limited M9 medium, a NH4Cl concentration of 0.16 

mM was used without the addition of casamino acids. For solid medium, 1.5% agar was 

added. 30% H2O2 was sterile filtered through a 0.22 µm pore size filter to ensure sterility prior 

to be used in the oxidative stress experiments. For all experiments with H2O2 the LB was 

freshly prepared and kept in the dark until use. All chemicals were sourced from Sigma 

Chemical Co. (St. Louis, MO, USA).  

 

Measurement of Bacterial Growth Curves 

Bacterial cultures were inoculated at a 1:100 dilution unless stated otherwise. Each 

experiment included triplicates. All optical density values (OD600) were measured via a cell 

density meter (Ultrospec 10, biochrom). OD600 was measured every 2h for heat shock in LB 

and M9 or M9 modified medium and every 1h for oxidative stress experiments. Growth curves 

were generated for each set of experiments including the wild type and mutant strain in 

stressed and non-stressed conditions (controls). 

 

Heat stress 

A single colony (wild type and ΔyhdN) was picked from either LB or M9 agar plates and 

inoculated into 5 mL LB broth for overnight cultivation at 37°C and shaken with 200 rpm. The 

overnight culture was then used to inoculate fresh LB medium at a 1:100 dilution, which was 

then cultured for ~2-3h at 37°C and 200 rpm until an OD600 of 0.4 was reached. This was 

repeated with the M9 liquid medium (preculture), at 37°C to ensure non limiting conditions. 

For the nitrogen limitation assay, medium was prepared using 0.16mM NH4Cl. To study the 

effects of heat shock on bacterial growth, the culture was grown to mid-log phase (OD600 0.4), 

diluted to OD600 0.04 and then heat shocked for 7 minutes in a shaker-incubator at 50°C. After 

treatment, the bacterial suspension was incubated for 12 h at 37°C. Samples were measured 

every 2h for 12h. 
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Oxidative stress 

For studying the effects of oxidative stress, a single colony (wild type, ΔyeaC and ΔydgH) was 

picked from the LB agar plate and inoculated into 5 mL LB for overnight cultivation at 37°C 

and shaken with 200 rpm. The overnight culture was then used to inoculate fresh LB (dilution 

of 1:100) and cultured at 37°C and 200 rpm until an OD600 of 0.2 was reached. An OD of 0.2 

was used since at this stage the cells were actively dividing, making them susceptible to the 

effects of oxidative stress, allowing for better characterization and analysis of the stress 

response [56]. H2O2 was added at a final concentration of 2.5 mM. After treatment, the 

bacterial suspension was incubated for 5h at 37°C and the OD600 was measured hourly. 

 

Growth curve analyses were used to guide the selection of time points for transcriptomic 

sampling. As shown in Figure 4, the ΔyhdN mutant exhibited a growth defect relative to the 

wild type beginning around 6h (Figures 4A and 4B). In contrast, the ΔyeaC and 

ΔydgH mutants displayed early growth delays within the first hour of oxidative stress, with 

growth converging toward wild-type levels by approximately 5h (Figures 4C and 4D). Based 

on these observations, RNA samples for the ΔyhdN mutant were collected at 2 h and 6 h 

timepoints to capture early transcriptional changes and the onset of growth impairment. For 

the ΔyeaC and ΔydgH mutants, samples were collected at 1 h and 5 h to capture early stress 

responses and later transcriptional states corresponding to differences in growth. A two-tailed 

unpaired t-test was performed to compare wild-type and mutant strains at the 2h and 6h time 

points for wild-type vs. ΔyhdN  and time points 1h and 5h for wild-type vs. ΔyeaC and ydgH. 

A p-value < 0.05 was considered statistically significant. 

 

RNA Sequencing and data processing 

2 ml of cell suspension from the heat shock samples was collected after 2h and 6h of growth. 

For the oxidative stress experiments, samples were collected after 1h and 5h of growth. The 

medium was discarded, cell pellets were washed with Phosphate Buffer Saline and mixed with 

DNA/RNA shield™ (Zymo Research Corp., Freiburg, Germany). All samples were processed 
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according to the manufacturer’s instructions. Samples were preserved at -20°C until RNA 

extraction. RNA was extracted using the Direct-zol RNA Miniprep Plus Kit (Zymo Research 

Corp., Freiburg, Germany) according to the manufacturer’s instructions. Total RNA was eluted 

from columns with 100 μL nuclease-free water and quantified using the Qubit RNA Broad 

Range Assay Kit (Thermo Fisher Scientific Inc., Waltham, MA, USA). The quality was 

assessed by running an RNA-nano chip on an Agilent bioanalyzer (Agilent Technologies, 

Waldbronn, Germany). Samples with an RNA integrity score ≥8 were used for further 

processing [80]. The rRNA was removed from total RNA preparations using the NEBNext 

rRNA Depletion (Bacteria) kit (New England Biolabs, Frankfurt, Germany). Paired-end library 

preparation was done using the NEBNext Ultra II Directional RNA Library Prep Kit for Illumina 

(New England Biolabs, Frankfurt, Germany) following the manufacturer’s instructions with an 

average insert size of 200 bp. Libraries were run on a NextSeq 550™ (Illumina, San Diego, 

CA, United States). 

 

The RNAflow pipeline [81] was implemented using a conda environment. Sequence reads 

were checked for quality using FastQC v0.11.9 [82]. Raw reads were processed using fastp 

v0.20.0 [83], which employs a sliding window approach for quality trimming and adapter 

clipping, with the settings: a -5 to -3 cut for front and tail, a default window of 4 and mean 

quality threshold of 20. Trimmed reads shorter than 15 bps were discarded [84]. The remaining 

reads were mapped onto the E. coli K-12 reference genome (NZ_CP009273.1) using Bowtie2 

[85]. The generated output was converted into a BAM format using samtools-1.20 [86], 

followed by the processes of sorting and indexing. A gene transfer format (GTF) annotation 

file for E. coli substrain BW25113 was used to filter for gene and pseudogene features. 

FeatureCounts v2.0.1 [87] was used to quantify the mapped reads based on the gene 

annotations. Processed datasets were checked using RSeQC [88] and summarized in 

a MultiQC v1.9 [89] generated file. were normalized by the DESeq2 module (v1.28.0) in R 

(version 4.3.2) using a variance stabilizing transformation [90].  
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Comparative gene expression analysis of wild type and isogenic mutant strains 

Sequencing reads were obtained from the transcriptomic datasets of wild-type (WT), ΔyhdN, 

ΔyeaC, and ΔydgH, respectively. Non-stressed control and heat shocked samples from WT 

and ΔyhdN at the 6h timepoint and non-stressed control and oxidative stress samples  from 

WT, ΔyeaC, and ΔydgH at the 5h timepoint were used to identify up- or downregulated genes. 

DESeq2 [90] was utilized to examine  expression differences of genes in the WT and mutant 

strains under both control and stress conditions. To focus on the specific effect of stress on 

gene expression rather than the difference of WT vs. deletion mutants, read counts under 

control conditions were subtracted from the read counts under stress condition [91]. Genes 

with an adjusted P-value (Padj) of 0.1 or less were classified as differentially expressed to 

avoid false positives. A cut-off log2 fold change (log2FC) of 1.5 was chosen for further analysis 

[57]. A log2FC of 1.5 means that a gene was 2.83 times more expressed in one strain vs. the 

other, a log2FC of 2 means that a gene was 4 times more expressed and so on. Significant 

positive log2FC indicated genes that were upregulated in WT relative to the mutant, while 

negative values showed an upregulation in the mutant vs. WT. To determine the functional 

categories of these genes, the EcoCyc database was used [36]. Information of the differentially 

expressed genes can be found on Figshare (DEGs>Table1).  

 

Data availability 

All code and scripts used in this study are available on Figshare. These resources can be 

accessed at https://figshare.com/s/0ede175c510cf201e7c2.  

Raw sequencing data that supports the findings of this study have been deposited in the 

Sequence Read Archive with the BioProject ID: PRJNA1209969. 
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Highlights 
• The E. coli K-12 proteome comprises of approximately 2% uncharacterized hypothet-

ical proteins (HPs), that lack any functional annotation. 

• A machine learning–based transcriptomic framework enabled functional prediction for 

64% of previously uncharacterized E. coli K-12 HPs. 

• Multi-modal in silico predictions and experimental validation reveal stress-responsive 

functions for yhdN, yeaC, and ydgH. 
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