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ARTICLE INFO ABSTRACT

Keywords: The ability to accurately predict the abundance of proteins from the expression of the corresponding genes has
Correlat‘ion enormous potential for the advancement of biotechnological applications using metabolic engineering and
Regression synthetic biology approaches. Addressing this problem has been challenging because of the lag in methodological
E:Z?:sggz:mm advances in quantifying protein abundances. Here, we reviewed and classified studies that investigated the

relationship between gene expression and protein abundance in different experimental settings and cellular
contexts. We focused on comparing and contrasting the findings based on different correlation-based measures,
widely used with nominal or transformed transcriptomics and proteomics data. We also included studies that
investigated and attempted to explain the observed correlations between gene expression and protein abundance
by incorporating data on additional factors, such as translation rate, protein degradation, and post-
transcriptional modifications, using various statistical and mechanistic modelling frameworks. Finally, we pro-
vided an overview of how the latest advances using data from single-cell analyses have contributed to addressing
this pressing question. Our review offers a perspective about how the findings about the relationship between
gene expression and protein abundance can propel biotechnological advances, particularly focusing on oppor-
tunities resulting from the availability of protein-constrained metabolic models and the complementary machine

and deep learning models.

1. Introduction

Many advances in biotechnology are driven by the ability to
manipulate gene expression. This allows for engineering cellular pro-
cesses, such as signalling and metabolic pathways, orchestrated by
proteins of different molecular functions and whose abundance varies
across cellular contexts and environments. Understanding how gene
expression affects the distribution of protein abundances is not only
relevant in biotechnology but also helps disentangling the genotype-
phenotype map (Ryan et al., 2013).

The interplay of gene expression and protein abundance involves the
intricate integration of transcription, post-transcriptional regulation,
translation, and post-translational regulation. In the central dogma of
molecular biology, which stipulates the flow of information in the cell,
the first step is transcription of DNA to RNA, generally of a gene to
mRNA. For all domains of life, this process is carried out by the many
varieties of the RNA polymerase enzyme. It involves several layers of
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regulation, one of which is the activity of transcription factors (TFs)
(Alberts et al., 2002). TFs are proteins that control the transcription of
genes by inducing or suppressing the expression of the gene by binding
to specific DNA sequences named response elements, which can be
either promoter or enhancer regions. They function by recruiting addi-
tional co-activators or co-repressors, stabilizing or blocking the tran-
scriptional machinery, or can interact with histones and promote the
relaxation or coiling of the DNA strand. TFs can also be the endpoints of
cell signalling pathways, being activated or repressed in response to
cellular and environmental cues. Post-transcriptional regulation in-
volves the processes of maturing, processing, and turnover of RNA
molecules. These processes include capping, splicing, polyadenylation,
editing, transport, and degradation, and are regulated by RNA-binding
proteins and non-coding RNAs (Bentley, 2014; Hentze et al., 2018). As
a result, gene expression data capture the diverse transcriptional out-
comes of biological systems (Brown and Botstein, 1999) (see Fig. 1).
Translation is the next step, whereby an mRNA molecule is translated
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into a peptide or protein. It begins when proteins known as initiation
factors bind to the mRNA and recruit the small ribosomal subunit to bind
in a specific site. In prokaryotes, this site is the Shine-Dalgarno sequence.
Eukaryotes do not have a specific sequence like the prokaryotic Shine-
Dalgarno, but the small ribosomal subunit binds to the 5’ cap and
scans the mRNA molecule for the AUG start codon, using a consensus
sequence, named Kozak sequence, that helps guiding the initial scan.
The large ribosomal subunit then binds to the small ribosomal subunit
and the elongation step begins. At the end of the mRNA sequence, the
translation machinery is disassembled, and the emerging peptide or
protein is released, which then follows on to post-translational modifi-
cations or regulation. This multi-step process, through which genomic
information is translated into the proteome, is extensively regulated at
the levels of initiation, elongation, localization, and ribosome compo-
sition (Hershey et al., 2019; Teixeira and Lehmann, 2019).

Evidence has indicated that the synthesis rate of a protein depends on
the concentration and translational efficiency of its mRNA (Gebauer and

RNA-coding sequence
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Hentze, 2004; Hershey et al., 2019) (see Fig. 1). Like transcription,
regulation of translation is crucial for maintaining cellular homeostasis.
It finetunes protein levels at different scales, enabling cells to adapt to
varying physiological conditions and environmental cues. The resulting
proteins exhibit distinct functions; they act as enzymes to drive
biochemical reactions, provide structural support, and enable cells to
perceive and respond to signals. These molecular functions are modu-
lated by post-translational modifications as well as interactions with
other proteins and small molecules (Mann and Jensen, 2003; Ryan et al.,
2013). As a result, variations in protein abundance, structure, and
function—often due to mutations—directly affect these processes,
leading to differences in physical and physiological characteristics (Kidd
et al., 2001).

The extent to which each step from transcription to translation
contributes to the abundance of proteins is a long-standing open ques-
tion. Addressing this question has been challenging due to the lag in
methodological advances to quantify protein abundances, which
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Fig. 1. Classification criteria for studies dissecting the association between protein abundance and gene expression. (a) A schematic representation of
transcription and translation. The genomics layer (yellow) illustrates transcription initiation, where transcription factors and RNA polymerase interact with the DNA
promoter, leading to pre-mRNA synthesis. The transcriptomics layer (purple) represents the processing of mRNAs, their translation by ribosomes into a polypeptide,
and subsequent mRNA degradation. The proteomics layer (blue) depicts protein folding, the assembly of multiple polypeptides into functional protein complexes, and
the potential degradation of proteins as part of regulatory processes. (b) A hierarchical classification of transcriptional regulation studies at the correlation between
mRNA and protein levels, and prediction of protein abundance. This framework distinguishes between studies that focus on transcriptional mechanisms as the
primary determinant of protein abundance and those that consider additional regulatory factors influencing gene expression. The first category is further divided into
inter-gene, tissue-specific, single-cell level, condition-specific, spatial, and temporal experimental settings. On the other hand, studies predicting protein abundance
utilize data-driven statistical models or mechanistic mathematical models to capture the complexity of gene expression regulation. This classification highlights the
complexity of transcriptional control and the integration of different modelling approaches to understand gene expression dynamics.
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contrasts the developments in gene expression profiling across different
scales. Here, we provide an update on the seminal review that addressed
this question (Vogel and Marcotte, 2012). To this end, comprehensively
review the key studies from 2012 onward that investigate the relation-
ship between mRNA levels and protein abundance. Our main contri-
bution is a classification and a critical review of the advances in
approaches that investigate the extent to which protein abundance can
be accurately predicted using transcriptomics data. To this end, we first
briefly review the existing techniques for transcriptomics and proteomic
profiling with samples from different experimental set-ups. Our review
covers experimental studies conducted on cell populations, compara-
tively addressing the correlation between mRNA and protein abundance
across various organisms. We also review studies that examine differ-
ences in this relationship in both intra- and inter-gene contexts. Whilst
the intra-gene context investigates the correlation between concentra-
tions of proteins and their respective mRNAs across genes, the inter-gene
context focuses on the correlation between concentrations from the
same gene(s) across different individuals, conditions, or time points. We
also include studies that investigate the mRNA-protein correlation by
incorporating data on additional factors, such as translation rate, protein
degradation, and post-transcriptional modifications, using different
modelling frameworks. Finally, we briefly review the latest advances
using data from single-cell analyses and offer a perspective about how
these findings can propel biotechnological advances.

2. Transcriptome and proteome profiling

Profiling the transcriptome and the proteome offer invaluable in-
sights about the functions of a biological system. Transcriptomics ap-
proaches are cost-effective, even for large-scale studies, while
proteomics provide more detailed information about protein function,
albeit at a higher expense. Further, while transcriptomics provides a full
coverage of genes expressed in a cellular context, the coverage of pro-
teins by proteomics techniques remains limited in comparison. Existing,
detailed reviews cover the chronology of proteomics (Liu et al., 2016)
and transcriptomics (Hrdlickova et al., 2017) approaches, along with
their advantages and disadvantages. For completeness, here we provide
a brief overview of techniques and approaches currently in use. In
addition, we assembled a list of studies providing paired transcriptomics
and proteomics data across diverse biological systems (Supplementary
Table 1).

2.1. Transcriptome profiling

Compared to proteomics techniques, transcriptomics methods are
generally less expensive, more standardized, and straightforward to
perform. Microarray-based transcriptomics was the first approach to
allow for measuring the expression of a large number of genes simul-
taneously (Reinartz et al., 2002; Schena et al., 1995; Velculescu et al.,
1995). However, it is limited to known transcripts, since it relies on
hybridisation. The introduction of RNA-seq technologies revolutionized
the field by enabling the measurement of the expression of thousands of
genes, including unknown genes and transcripts, which promoted the
discovery of novel transcripts and splice variants. Following this
breakthrough, many new developments on RNA-seq technology took
place, such as single-cell RNA-seq (scRNA-seq) (Islam et al., 2011; Tang
et al., 2009), spatial transcriptomics (Stahl et al., 2016), and long-read
RNA Sequencing (Deamer et al., 2016). These techniques allowed for
gene expression profiling at single-cell resolution, integrated spatial
information with gene expression data, and enabled real-time, direct
RNA sequencing without the need for cDNA conversion, respectively. An
extensive review highlighted the evolution of single-cell transcriptomics
from early methods, like single-cell qPCR (Eberwine et al., 1992; Lam-
bolez et al., 1992), to high-throughput technologies such as STRT-seq
(Tang et al., 2009), SMART-seq (Picelli et al., 2014), and CEL-seq
(Hashimshony et al.,, 2012), that enabled comprehensive RNA
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profiling at single-cell resolution. Recent advancements include nano-
droplet and picowell systems, in situ barcoding for analysing thou-
sands of cells, and multi-modal techniques integrating RNA, DNA, and
protein data. Spatial transcriptomics, including methods like smFISH
(Chen et al., 2018), MERFISH (Xia et al., 2019), and in situ sequencing
(Ke et al., 2013), now allow mapping of gene expression with spatial
context, reaching single-cell resolution in tissues.

The high-throughput sequencing technologies used for RNA-seq
outputs sequences known as reads. These reads are mapped to an an-
notated reference genome, and the number of mappings to specific
genomic regions, such as coding sequences, are counted. The counting of
gene mappings generates a matrix known as the gene count matrix, from
which statistical analysis and differential gene expression analysis is
performed. To ensure that gene expression comparisons are fair and not
biased, normalization is performed on these gene counts. Traditional
RNA-seq normalization methods, such as reads per kilobase million
(RPKM), fragments per kilobase million (FPKM) and transcripts per
kilobase million (TPM) rely on metrics such as sequencing depth and
gene length. Other methods also take into account the RNA composition,
such as DESeq2 median-of-ratios (Love et al., 2014) and EdgeR trimmed
mean of M-values (TMM) (Robinson and Oshlack, 2010; Wagner et al.,
2012). Each normalization method has its pros and cons, rending it
suited for specific purposes. These limitations can be addressed by
external RNA spike-ins, which involve adding synthetic RNA molecules
at known concentrations before sequencing to correct for variations in
total RNA content due to experimental conditions or biological changes
(Athanasiadou et al., 2019; Laosuntisuk et al., 2024).

2.2. Proteome profiling

The existing techniques for protein quantification can be divided into
two groups, based on whether they provide relative or absolute quanti-
fication, each requiring different measurement approaches. Absolute
quantification determines the concentration or content of a specific
protein in a sample, essentially measuring the number of protein mol-
ecules per unit of volume or dry weight. In contrast, relative quantifi-
cation compares the abundance of a protein across samples without
providing an exact concentration, often focusing on changes in protein
levels under different scenarios (e.g., conditions, treatments, and/or
time points) (Vogel and Marcotte, 2012). Early methods, like enzyme-
linked immunosorbent assay (ELISA) (Engvall and Perlmann, 1972)
and western blot, determine the relative intensity of protein bands be-
tween different samples (Burnette, 1981) and are generally less expen-
sive; however, they require specific antibodies and instruments,
increasing costs for high-throughput profiling.

In the early 2000s, mass spectrometry-based approaches for absolute
and relative quantification like stable isotope labelling by amino acids in
cell culture (SILAC) (Ong et al., 2002), tandem mass tagging (TMT)
(Thompson et al., 2003), and isobaric tag for relative and absolute
quantification iTRAQ) (Ross et al., 2004), offered high precision and
multiplexing; however, they require expensive investments in equip-
ment and reagents. Absolute quantification (AQUA) (Gerber et al., 2003)
provides precise protein quantification using synthetic isotope-labelled
peptides as standards; however, this method also has a limited dy-
namic range and sensitivity for low-abundance proteins. Selected reac-
tion monitoring (SRM) (Picotti and Aebersold, 2012) is a cost-effective
option mostly for absolute quantification in smaller-scale studies,
although assay development is time-consuming. The introduction of
sequential acquisition of all theoretical mass spectra (SWATH-MS)
(Gillet et al., 2012) enhanced throughput without requiring labels, but
instrument costs remain high. Other techniques, like reverse phase
protein arrays (RPPA) (Petricoin III et al., 2005) and proximity ligation
assay (PLA) that are primarily used for relative quantification, provide
high sensitivity and throughput but still require specialized reagents
(Fredriksson et al., 2002).

While emerging fields like single-cell proteomics offer innovative
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insights, they remain costly due to complex equipment required. While
automated analysis pipelines and machine learning methods have
reduced labour demands, protein quantification, especially for large-
scale studies, remains expensive and labour-intensive compared to
simpler techniques. Advancements in two major approaches for single-
cell proteomics—next-generation sequencing (NGS)-based methods
and mass spectrometry (MS)-based methods—are comprehensively
reviewed (Bennett et al., 2023). NGS-based methods use
oligonucleotide-antibody conjugates for high-throughput protein
detection. Prominent techniques include CITE-seq, which simulta-
neously profiles RNA and proteins (Stoeckius et al., 2017); proximity
extension assays (PEAs) for sensitive protein quantification (Lundberg
et al., 2010); and chromatin accessibility methods like ASAP-seq, which
integrate chromatin and protein data for multimodal analysis (Mimitou
etal., 2021). While these methods provide valuable multimodal insights,
they depend on high-quality reagents and may suffer from background
noise. MS-based methods offer direct protein quantification and broader
proteome coverage. These include label-free analyses leveraging data-
dependent or data-independent acquisition (DDA/DIA) workflows
(Brunner et al., 2022) and multiplexed analyses using isobaric labelling
(e.g., TMT) or multiplexed DIA to improve throughput and mitigate is-
sues, like ratio compression (Petelski et al., 2021). Innovations such as
nanoPOTS together with machine learning further enhance MS sensi-
tivity and depth, enabling detection of low-abundance proteins and
post-translational modifications (Zhu et al., 2018). While MS excels in
uncovering novel proteins and providing in-depth proteomic coverage,
NGS-based methods are distinguished by their scalability and multi-
modal capabilities. The integration of these complementary approaches
can enable comprehensive multi-omics analyses (Bennett et al., 2023).

3. Factors affecting the association between mRNA levels and
protein abundance

While the nucleotide sequence of a gene defines its mRNA product
and the mRNA sequence determines the amino acid sequence of the
resulting polypeptide, the relationship between mRNA level and the
corresponding protein abundance is not as straightforward (McManus
et al., 2014). Using mRNA levels to predict protein abundance is chal-
lenging since both mRNA expression and protein abundance are results
of dynamic, coupled processes that respond to internal and external
cues.

In eukaryote cells, mRNAs are produced much more slowly than
proteins. For instance, a mammalian cell generates about two copies of
an mRNA per hour, yet dozens of proteins per mRNA can be synthesized
in the same time (Schwanhausser et al., 2011). In addition, in yeast,
protein levels are often three orders of magnitude higher than mRNA,
with lower mRNA expression linked to regulatory and stress-response
genes, and higher expression to essential functions, like translation
(Marguerat et al., 2012). This is due to the many steps of mRNA pro-
cessing, regulation, and transport to the cytosol before initiating trans-
lation. In contrast, transcription and translation are more coordinated in
prokaryotes, with translation being initiated as soon as the Shine-
Dalgarno sequence and start codon are transcribed by the RNA poly-
merase (Irastortza-Olaziregi and Amster-Choder, 2021). As a result,
there is a higher correlation between mRNA levels and protein abun-
dance in prokaryotes than in eukaryotes.

In eukaryotes, mRNAs are less stable and show higher turnover than
proteins. For instance, in mammals, mRNAs have an average half-life of
2.6-9 hours, compared to 46 hours for proteins (Marguerat et al., 2012;
Schwanhausser et al., 2011; Sharova et al., 2009; Wang et al., 2019). In
addition, evidence from mammals indicate that proteins exhibit a
broader dynamic range of stability than mRNAs (Lundberg et al., 2010;
Schwanhausser et al., 2011; Vogel and Marcotte, 2012; Wang et al.,
2019). Possible explanations for these observations directly relate to the
processes that affect protein abundance (e.g., translational efficiency or
half-lives) (Lundberg et al., 2010).
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In prokaryotes, mRNA turnover is much faster than in eukaryotes.
For example, in Escherichia coli, the half-life of a mRNA molecule ranges
from less than one minute to around two minutes (Li and Xie, 2011). By
contrast, for proteins, the average half-life is around 20 hours (Moran
etal., 2012). Despite the brevity of mRNA half-lives, translation rates are
still bigger than mRNA decay, since full, mature mRNAs are necessary to
produce functional proteins. Given the coupling between transcription
and translation, ribosomes can physically block the access of nucleases
to the mRNA molecule. They can also prevent the formation of sec-
ondary structures on the mRNA molecule that could halt translation.
Therefore, mRNA decay is directly linked to transcription and trans-
lation efficiency. This is attested by expressing the RNA polymerase of
the phage T7 in E. coli, which has a higher processivity than the bacterial
RNA polymerase. When transcribing E. coli genes, the higher rate of
transcription results in a destabilization of the coupled transcription-
translation machinery, exposing cleave sites and resulting in the
mRNA being cleaved and degraded (lost and Dreyfus, 1995).

Spatial factors may also significantly affect the association between
mRNA and protein abundance. Many mRNAs localize to distinct sub-
cellular sites within a cell (Martin and Ephrussi, 2009), and protein
synthesis may vary depending on mRNA location, as ribosome and tRNA
availability can differ spatially (Besse and Ephrussi, 2008; Chai et al.,
2014). Consequently, the protein-to-mRNA ratio may fluctuate based on
the intracellular localization of these molecules (Ori et al., 2015). Inte-
grating transcriptomics and proteomics at single-cell resolution may
provide the means to address the association between mRNA expression
and protein abundance (Petrosius and Schoof, 2023), which we explore
in Section 6.1.

Since the translation of a protein from mRNA is a dynamic process,
any differences in the efficiencies of the involved steps can affect the
change of association based on different time snapshots of protein
abundances and gene expression. Factors such as cell cycle variability
(Buettner et al., 2015), transcriptional bursting (Blake et al., 2003), and
the time lag between transcription and translation also contribute to the
divergence between mRNA and protein levels (Liu et al., 2016; Vogel
and Marcotte, 2012). These challenges underscore the limitations of
using mRNA as a proxy for protein levels (Darmanis et al., 2016).
Moreover, sequencing based methods inherently lack the ability to
detect protein post-translational modifications, which are often essential
for protein function.

Lastly, evidence suggests that protein abundances are more
conserved than mRNA levels across species, indicating stronger evolu-
tionary constraints on protein abundance to meet essential functional
and physiological demands (Khan et al., 2013; Schrimpf et al., 2009;
Wang et al., 2019). While mRNA levels can vary over time, post-
transcriptional, translational, and protein degradation mechanisms
maintain protein levels that are likely optimized to ensure organism’s
fitness (Laurent et al., 2010). Furthermore, although many genetic
variants (e.g. expression quantitative trait loci) affect mRNA levels, their
impact on protein abundance is limited, suggesting a buffering effect
that stabilizes protein levels (Battle et al., 2015). For instance, essential
genes and those involved in molecular complexes exhibit more
conserved transcriptional and translational regulation, with trans-
lational profiles displaying stronger correlations across isolates
compared to transcriptional profiles (Teyssonniere et al., 2024).

4. Classification of studies

The relationship between gene expression and protein levels can
vary depending on the type of data used for analysis. In probing the
relationship between gene expression and protein levels, one set of ap-
proaches make use only of transcript levels and protein abundance,
whilst others predict protein abundance using a combined analysis of
mRNA expression and other factors related to protein biosynthesis, such
as regulatory elements and codon usage bias. Amongst these, a plethora
of modelling methods have been employed, that can be grouped into
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mechanistic or data-driven methods (see Fig. 1).
4.1. Analysing the correlation between mRNA and protein levels

Numerous studies have examined the correlation between mRNA
expression and protein levels in diverse biological systems, from
mammalian cells (Cenik et al., 2015; Edfors et al., 2016; Gautier et al.,
2016; Jovanovic et al., 2015; Li et al., 2014; Schwanhausser et al.,
2011), other metazoans (Becker et al., 2018; Schrimpf et al., 2009),
yeast (Csardi et al., 2015; Lawless et al., 2016; Wang et al., 2015), and
bacteria (Frumkin et al., 2018; Nie et al., 2006) to model plant species
(Mergner et al., 2020; Ponnala et al., 2014). To illustrate the extent of
correlation between mRNA and protein expression, the Spearman rank
coefficient (p), Pearson correlation coefficient (r), and the coefficient of
determination (R?) are frequently used. However, the Spearman rank
coefficient (p), that quantifies non-linear associations, is often consid-
ered more appropriate, as protein and mRNA abundances may not co-
vary linearly. Nevertheless, all three metrics are commonly and, often,
interchangeably used in publications on mRNA level-protein abundance
correlations (see Table 1).

In the following, the existing findings about correlations between
gene expression and protein levels are divided based on context in which
they have been examined.

Inter-gene correlations. A 2002 study revealed that mRNA levels in
E. coli do not consistently correlate with protein abundance (Bernstein
et al., 2002). This finding was further supported by a 2010 study that
measured mRNA and protein levels for over 1,000 E. coli genes,
reporting no significant correlation within individual cells (r = 0.01
+0.03). However, when averaging signals across measurements, mRNA
levels could explain 54-77% of the variance in average protein levels
(Taniguchi et al., 2010). A notably low correlation between mRNA and
protein levels was found in a 2010 study, despite targeting mRNA and
proteins from the same genes; here, the average coefficient of determi-
nation (R?) across single cells was only 0.04, with a maximum of 0.35 for
specific pairs (Darmanis et al., 2016).

Pioneering inter-gene studies in yeast and human which had sug-
gested a low correlation between mRNA and protein levels in eukaryotes
as well (Anderson and Seilhamer, 1997; Beyer et al., 2004; Brockmann
et al.,, 2007; Chen et al.,, 2002; Ghaemmaghami et al., 2003). A
comprehensive study from 2011 in mammalian cells used the quantifi-
cation of the expression and abundance of over 5,000 genes and proteins
using RNA-seq, pSILAC, and absolute protein quantification techniques,
respectively. In contrast to the pioneering results, this study reported a
value of 0.41 for R% between mRNA and protein levels (Schwanhausser
et al., 2011).

A study published in 2014 on mammalian tissue cell culture reported
a stronger correlation between mRNA levels and protein abundances
after recalibrating data using direct measurements of 61 housekeeping
proteins, suggesting that mRNA expression accounts for a greater vari-
ance in protein levels than previously thought (Li et al., 2014). This
analysis found that mRNA levels explain 56-84% of the variance in
protein abundance, with the Pearson correlation coefficient between
mRNA levels and protein abundances increasing slightly from 0.626 to
0.642 after applying this correction model. Subsequent analyses further
reduced errors by addressing biases in mass spectrometry and mRNA
sequencing data, employing multiple independent measurements, and
applying advanced statistical methods, such as: Bayesian modelling and
error-corrected scaling. By filtering unreliable data, linking analyses to
genetic variations, and incorporating direct measurements, like ribo-
some foot-printing, these studies minimized confounding errors and
identified transcription as the dominant factor, explaining up to 73% of
the variance in protein expression (Li and Biggin, 2015).

Another investigation across a diverse set of human samples found
that the Spearman correlation between mRNA expression and protein
levels is not always strong, with a median of 0.22 (Cenik et al., 2015). In
addition, a study from 2015 measured absolute protein copy numbers
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Table 1

Chronological compilation of studies on protein abundance. The table summa-
rizes the contributions of different regulatory factors to explaining protein
abundance across different organisms and studies. The studies are sorted by year
of publication.

Factors Organism Study

mRNA level (p = 0.46)

CDS length (p = —0.53)

5’ UTR secondary structure stability (p =
0.20) uORFs (p = —0.18 to — 0.21) 3’
UTR length (p = —0.19) ribosome
density (p = 0.19) Codon bias index (p
= 0.08)

Human Vogel et al. (2010)

Translation efficiency (R? = 0.07-0.16) Mammal Guo et al. (2010)
mRNA stability (R? = 0.84)
Fournier et al.
mRNA level (r = 0.6) Yeast (2010)
Lundberg et al.
mRNA level (p = 0.58 — 0.63) Human (2010)
mRNA level (R* =~ 0.4)
Transcription rate (R? = 0.3 — 0.4
mRNA degradation (R* ~ 0.06)
Translation rate constant (R2 ~ 0.55) Schwanhausser et al.
Protein degradation R? < 0.05 Mammal (2011)]
2 Marguerat et al.
mRNA level (R* = 0.36 — 0.55) Yeast (2012)

mRNA level (R? = 0.49)
Protein synthesis rate (R? = 0.42) Yeast
Protein degradation rate (R* = 0.13)
mRNA level (R* = 0.53)

: . - 2 uimaraes et =
Tr(a)l.nls;tlon elongation efficiency (R* = Escherichia coli ((rzlz)lllll{l)l’di_h et al.
Translation initiation factors (R = 0.01)

Kristensen et al.
(2013)

mRNA level (r = 0.642) Mammal Li et al. (2014)
mRNA level (p = 0.23 — 0.47) Human Zhang et al. (2014)
Wilhelm et al.

mRNA level (p = 0.41 — 0.55) Human (2014)
Ribosomal density (r = 0.62) mRNA )

level (R2 —0.51) Yeast Wang et al. (2015)
mRNA level (R? = 0.73) Mammal Li and Biggin (2015)
mRNA level (p = 0.22) Human Cenik et al. (2015)

mRNA level (R? < 0.85) Yeast
mRNA levels (R% = 0.59 — 0.68)

Csardi et al. (2015)

Jovanovic et al.

Translation (R? = 0.18 — 0.26) Mouse .
Protein degradation (R? = 0.08 — 0.22) (2015)
mRNA level (r ~ 0.6) Human Edfors et al. (2016)
mRNA level (p = 0.41 — 0.676) Human Gautier et al. (2016)
mRNA level (p = 0.58) Codon bias (R? =
0.53)
RNA-binding protein enrichment (R® =
0.42) Transcript secondary structure
(R = 0.33) poly-A tail length (R* = Yeast Lawless et al. (2016)
—0.16)
Protein degradation (Wilcoxon rank test,
p < 0.05)
Protein turnover (Wilcoxon rank test, p
< 0.05)
mRNA levels (R* ~ 0.94)
TRmIND (R? ~ 0.05) Yeast Li et al. (2017a)
Protein degradation (R? ~ 0.01)
Fortelny et al.
mRNA level (p = 0.21) Human (2017
mRNA level (R2 = 0.46 — 0.88) Yeast Lahtvee et al. (2017)
Drosophila
mRNA level (p = 0.54) melanogaster Becker et al. (2018)

mRNA level (R? = 0.34 — 0.54) Rat
mRNA level (p = 0.46 — 0.62)

Ribosome profiling (p = 0.67 — 0.71)
mRNA level (r > 0.3) Rat
mRNA level (p = 0.42 — 0.57)

Moritz et al. (2019)
Yeast Blevins et al. (2019)

Shen et al. (2020)

Mammal ang et al. (202
Ribosome profiling (p = 0.60 — 0.69) 1 Wang et al. (2020)
— Arabidopsis Mergner et al.
mRNA level (r=0.28 — 0.70) thai ( )

Note: R? = coefficient of determination; r = Pearson correlation; p = Spearman
rank correlation; CDS = mRNA coding sequence; uORFs = upstream open
reading frames; TRmIND = mRNA abundance-independent translation rate
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and probed their Pearson correlation to mRNA levels across human
tissues and cell lines. This study found a Pearson correlation of around
0.6 for the tissues analysed, ranging from a minimum of 0.39 in a
kidney-derived cell line to a maximum of 0.79 in a breast-derived cell
line (Edfors et al., 2016).

A study in 2016 also observed a modest Spearman correlation,
ranging from 0.41 to 0.676, between mRNA levels and absolute abun-
dance of 6130 proteins measured during the differentiation of human
erythroid progenitors (Gautier et al., 2016).

In addition to studies on mammalian systems, several studies
explored the correlation between mRNA and protein in yeast. For
instance, a 2015 study found that the Pearson correlation between the
transcriptome and proteome in Saccharomyces cerevisiae was at 0.51
(Wang et al., 2015). Further, reanalysis of data from 24 yeast studies,
using methods that considered effects of noise, demonstrated that mRNA
levels explain more than 85% of the variation in steady-state protein
levels across many different genes (Csardi et al., 2015). Further, a study
from 2016 quantified nearly 2,000 proteins in S. cerevisiae using selected
reaction monitoring (SRM) mass spectrometry with stable isotope
labelled (SIL) QconCAT standards (Lawless et al., 2016). By integrating
RNA-seq data, this study found that 70% of protein abundance in yeast
could be explained by mRNA levels, further highlighting the significant
role of transcriptional control in protein expression. Lastly, in plant
studies, Arabidopsis thaliana has been used to investigate the correlation
between mRNA and protein levels. Across different tissues, Pearson
correlation coefficients were found to range from 0.28 to 0.7 (Mergner
et al., 2020).

An alternative approach to inter-gene associations examines how
changes in mRNA levels of a single gene drive alterations in the abun-
dances of the corresponding protein. This is performed by correlating
protein abundance with mRNA levels from the corresponding gene(s)
across various states measured in different individuals, cell types, time
points, or environments. Such comparisons can provide insights into
average properties and global trends across genes. Given that specific
proteins may exhibit abundances that differ significantly from the
average, exploration of these variations can offer valuable biological
insights, potentially pointing to strong transcriptional or post-
transcriptional regulation of proteins and cellular processes (Vogel
and Marcotte, 2012).

Tissue-specific analyses. Comparing mRNA levels and protein
abundances across tissues and organs is challenging due to the diverse
cell types present at different developmental stages in most tissues. To
address this issue, a 2010 study conducted a quantitative comparison of
the human transcriptome and proteome in three well-characterized
human cell lines from different functional origins. This study found
Spearman correlation values ranging from 0.58 to 0.63 between tran-
script level and protein abundance differences across these cell lines,
suggesting that changes in transcript levels were, in general, reflected by
corresponding changes in protein levels. However, protein levels were
found to show a broader dynamic range than mRNA levels (Lundberg
et al., 2010).

A 2014 study on human colon and rectal tumours found that while
mRNA and protein abundance were positively correlated within indi-
vidual colorectal cancer samples (average value of 0.47), the average
Spearman correlation across different tumours was much lower (value of
0.23), suggesting that mRNA levels alone are poor predictors of protein
abundance (Zhang et al., 2014).

These observations led to investigating transformations of the data
on mRNA levels and protein abundances. For instance, the protein-to-
mRNA (PTR) ratio for a given gene has gained interest and led to
numerous studies that investigated its importance in improving the ac-
curacy of protein abundance predictions based on mRNA levels (Edfors
et al., 2016; Eraslan et al., 2019; Fortelny et al., 2017; Franks et al.,
2017; Mergner et al., 2020; Wilhelm et al., 2014). Following this
approach, a 2014 study examined the Spearman correlation between
mRNA levels and protein abundances across 12 human tissues, finding a
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moderate overall correlation ranging from 0.41 to 0.55. This study also
found that, despite variations in expression levels, the PTR ratio for each
gene was consistent across tissues. Using the median PTR ratio, they
demonstrated that protein abundance could be reliably inferred from
mRNA levels, with a strong correlation (around 0.9) between predicted
and measured protein levels (Wilhelm et al., 2014). A 2015 study per-
formed a similar analysis but expanded the number of samples from 12
to 30 human samples, identifying proteins corresponding to 17,294
genes (84% of human protein-coding genes) (Kim et al., 2014).

However, the previous finding was challenged in two studies from
2017 (Fortelny et al., 2017; Franks et al., 2017). The first study used
control experiments to show that the high correlations between pre-
dicted and observed protein levels were largely due to between-gene
variations rather than accurate predictions for individual genes. Given
that a much lower median Spearman correlation within genes (p = 0.21)
was found, this study indicated that gene-specific translation rates do
not reliably predict protein levels at the individual gene level (Fortelny
etal., 2017). It further suggested that the previous findings may serve as
an illustration for the Simpson’s paradox, where a trend observed in
aggregated data does not hold within individual subsets. Here, the high
correlations across genes resulted from large variations in protein levels
between genes, while within each gene, mRNA levels did not consis-
tently predict protein abundance (Fortelny et al., 2017).

The second critical study highlighted that both data sets from the
2014 studies (Kim et al., 2014; Wilhelm et al., 2014) suffered from
substantial measurement noise, undermining the reliability of protein-
mRNA correlations. They also argued that scaling mRNA levels by a
median protein-to-mRNA ratio relies on the assumption of consistent
protein translation rates across tissues. This method overlooks tissue-
specific variability in these ratios, potentially conflating mean-level
variability with cross-tissue variability, which may fail to capture the
dynamic regulation unique to different tissues (Franks et al., 2017).

A 2016 study examined if transcript levels of a given gene can serve
as proxies for the corresponding protein levels both across tissues and
genes. For the tissue-level analysis, introducing a gene-specific mRNA-
to-protein conversion factor improved the mRNA-protein correlation to
a median Pearson correlation of 0.93 (Edfors et al., 2016). This finding
was further critically discussed, confirming that the protein-to-mRNA
ratio was largely conserved across tissues for a given gene, but that it
can vary substantially between genes (Silva and Vogel, 2016).

Single-cell level. Traditional bulk analyses provide only population-
level averages, limiting the capacity to capture cell-to-cell variability
and obscuring critical insights into altered cell population dynamics and
shifts in cell-type-specific transcriptomes and proteomes (Singh, 2021).
By aggregating data from all cells within a population, these approaches
cannot reveal the heterogeneity inherent in cellular responses, a limi-
tation particularly significant in studies of cancer stem cells (Bonnet and
Dick, 1997). Increasing evidence shows that distinct cellular states can
respond differently to identical extrinsic signals, with variability often
observed even among cells of the same type (Aissa et al., 2021; van
Galen et al., 2019). Advances in single-cell technologies, mentioned
above, have enables precise quantification of transcriptomes and pro-
teomes with single-molecule sensitivity (Li and Xie, 2011), facilitating
the investigation of the correlation between mRNA levels and protein
abundance. Methods for simultaneous measurements of both mRNA and
protein include PEA/STA (Alex S Genshaft, 2016), PLAYR (Andreas P
Frei, 2016), CITE-seq (Stoeckius et al., 2017), REAP-seq (Vanessa M
Peterson, 2017) and RAID (Jan et al., 2019), which were reviewed in
detail by Flynn et al. (2023) and Xuefei Wang et al. (2024).

The earliest attempts at measuring both mRNA and protein abun-
dances simultaneously in a single cell relied on fluorescence assays. In
the 2010 study of Taniguchi et al. (2010), they constructed a yellow
fluorescent protein fusion library for Escherichia coli and analysed fluo-
rescence images at the molecule level. For 127 genes with high
expression they could detect, they assessed the correlation between their
mRNA and protein concentrations. The observed an almost zero Pearson
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correlation for these genes (r = 0.1). Another study was the work of
Stahlberg et al. (2012). In this study, they performed a combination of
measurements from the same single cell in the human fibro-sarcoma cell
line HT1080. They performed reverse transcription followed by quan-
titative PCR to measure mRNA levels, and proximity ligation assays for
protein quantity in GFP tagged proteins. When comparing both mea-
surements, they observed a Spearman correlation of 0.31 (p = 0.01).

Later attempts combined high-throughput multi-omics approaches
to measure mRNA and protein levels in single cells. Specht et al. (2021)
analysed both mRNA and protein levels in macrophages to probe for cell
heterogeneity and obtained Pearson correlations between the tran-
scriptomics and proteomics measurements ranging from -0.2 to 0.4.
Similarly, the study of Gayoso et al. (2021) employed CITE-seq and
measured mRNA and surface proteins from mouse lymph node cells. The
Pearson correlations between mRNA and surface protein levels ranged
between 0.0 and 0.8. In the study of Fulcher et al. (2024) they performed
parallel measurements of both transcriptome and proteome from single
cells using an approach they named nanodroplet splitting for linked-
multimodal investigations of trace samples (nanoSPLITS). This study
analysed samples from murine cell lines NAL1A and C1C10, and from
primary cells isolated from human pancreatic islets. The Pearson cor-
relation between mRNA and protein levels across cells and conditions
ranged from 0.35 to 0.45. Despite these advancements, the correlations
between transcript and protein levels are similar to those observed in
bulk omics studies.

Investigations based on temporal data. If a population of cells is
exposed to a stimulus, such as stress, protein abundances fluctuate over
a certain period, moving the system out of steady state until an equi-
librium is (re)established (Vogel and Marcotte, 2012). Here, we review
results on the association of mRNA levels and protein abundances from
studies that focused on state transitions and various perturbations
affecting the steady state.

The temporal scales under consideration can greatly influence the
relationship between time resolved protein levels and their coding
mRNAs (Liu et al., 2016). A 2010 study revealed a time-shifted corre-
lation between mRNA and protein expression in yeast cells treated with
rapamycin, with early mRNA changes (1-2 hours) aligning best with
later protein responses (4-6 hours), reaching a peak Pearson correlation
coefficient of 0.60 (Fournier et al., 2010).

In 2012, a comprehensive transcriptomics and proteomics study on
fission yeast found that mRNA and protein levels are generally well-
correlated, but this correlation varies with cell state (Marguerat et al.,
2012). In proliferating cells, the coefficient of determination (RZ) was
0.55, indicating a moderate to strong relationship. In quiescent cells, R
was weaker, with a value of 0.36, suggesting that protein levels are less
directly tied to mRNA levels, probably due to their longer half-lives
(Marguerat et al., 2012).

In 2015, a study explored how protein expression in mammalian cells
is regulated through various stages of the protein life cycle, most
importantly transcription (Jovanovic et al., 2015). This study found that
in pre-stimulation, mRNA levels significantly influence overall protein
expression, more than protein translation and degradation combined.
For instance, mRNA levels explained 59-68% of the variance in protein
levels (Jovanovic et al., 2015). A 2018 study investigated the relation-
ship between mRNA levels and protein abundances during embryo-
genesis of Drosophila melanogaster, using data for 3,761 genes at 14
stages of embryonic development. This study found moderate correla-
tions between mRNA and protein levels (p = 0.54) (Becker et al., 2018).

Investigations based on spatially resolved data. A 2019 study
explored the correlation between mRNA levels and protein abundances
in different regions of the rat brain (Moritz et al., 2019). The study found
that mRNA and protein levels exhibited poor to moderate correlation
(R? values between 0.34 and 0.54), largely attributed to neuronal po-
larity. Specifically, the transport of proteins across long distances within
neurons often results in proteins being present in regions where their
corresponding mRNAs are not. This study identified neuronal polarity as

Biotechnology Advances 86 (2026) 108720

a third factor contributing to poor transcript protein correlation,
alongside translational regulation and protein turnover (Moritz et al.,
2019).

Investigations based on data from different conditions. A 2012
study investigated changes in mRNA levels, translation, and protein
abundances in fission yeast, Schizosaccharomyces pombe, during oxida-
tive stress, heat shock, and DNA damage over multiple time points
(15-120 minutes). This temporal analysis in different conditions high-
lighted dynamic regulatory changes and delayed effects, such as the lag
between mRNA transcription and protein synthesis. A strong Pearson
correlation was observed between mRNA and protein levels for up-
regulated genes (r = 0.74, p < 1e %), while down-regulated genes
showed no significant Pearson correlation (r = 0.07, p =~ 0.27). Oxida-
tive stress primarily relies on transcriptional regulation, whereas heat
shock and DNA damage involve distinct translational responses,
underscoring the tailored nature of stress adaptation (Lackner et al.,
2012).

Another study in 2017 quantified the absolute levels of mRNA and
proteins in Saccharomyces cerevisiae under ten different environmental
conditions. The authors found that while the overall correlation between
mRNA and protein abundances across all conditions was moderate (R? =
0.46), a much stronger correlation was observed for differentially
expressed proteins, with a median R? of 0.88. This finding suggests that
while general protein levels are influenced by multiple regulatory fac-
tors beyond mRNA abundance, genes that undergo significant expres-
sion changes tend to exhibit a more direct transcriptional control over
protein synthesis (Lahtvee et al., 2017).

A 2020 study provided a detailed analysis of how hypoxic stress af-
fects cardiac cells in rats at both the transcriptional and protein synthesis
levels. Pearson correlation coefficients were used to examine the rela-
tionship between gene expression and active translation, identifying
genes with positive, neutral, or negative correlations between these two
processes. Notably, positive Pearson correlations (r > 0.3) were
observed for 14% (i.e., 603) of the genes, indicating a closer alignment
between their transcription and translation levels. This analysis high-
lighted the intricate regulatory mechanisms that control protein pro-
duction in response to hypoxia in cardiac cells (Shen et al., 2020).

4.2. Prediction of protein abundance from RNA-seq and other data

System-wide studies measuring transcripts and proteins across the
genome have emphasized the critical role of multiple factors beyond
transcript levels on protein abundance. Overall, protein abundance is
influenced by the rates of transcription, mRNA turnover, translation
rates, codon usage bias, and protein degradation (Liu et al., 2016;
McManus et al., 2014). The studies reviewed above consistently re-
ported a moderate to low correlation between mRNA expression and
protein abundance. These findings suggest that variability in protein
abundance may be influenced, in part, by factors other than just mRNA
levels. For instance, a 2020 study in A. thaliana have shown that the
relative contribution of mRNA levels to predict protein abundance is
only 19%, while codon usage bias has a relative contribution of 21%,
protein interactions, mutation rates, regulatory elements and other
factors amount to 12%, and 48% remain attributed to unknown factors
(Mergner et al., 2020). Therefore, it is essential to explore additional
physiological and regulatory mechanisms along the central dogma to
better predict protein abundance.

To unravel the contributions of various regulatory processes, two
primary approaches have proven effective. The first entails the devel-
opment of mechanistic mathematical models that incorporate all po-
tential factors influencing protein abundance to provide a
comprehensive predictive framework. The second approach involves
statistical methods, such as regression analysis, which link variations in
protein abundance to specific mRNA and protein sequence features
associated with distinct regulatory mechanisms (Vogel et al., 2010).

Mechanistic mathematical models. The association between



A. Samih et al.

mRNA levels and protein abundance can be expressed in terms of kinetic
constants of gene expression. Constitutive gene expression illustrates the
simplest model for this association:

DNA Y mRNA 5 protein
mRNA % @

.8
protein 2g

where k; denotes the transcription rate (from DNA to mRNA), k,, the
translation rate (from mRNA to protein), g stands for the mRNA
degradation rate, and g, for protein degradation rate (primarily due to
cell division for stable proteins like YFP fusions). This model is defined
as a two-stage model (Fig. 2a). This model can also consider the acti-
vation stage of a gene, defined as:
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where DNA" is the gene in its inactive form, and DNA is the gene in its
active form. This variation is defined as a three-stage model (Fig. 2b).
Foundational stochastic frameworks for modelling gene expression
based on these principles were pioneered by studies such as McAdams
and Arkin (1997) and Paulsson et al. (2000). The former addressed the
question about the factors that influence the dynamics of protein con-
centration changes over time after its corresponding gene is activated.
This study introduced the concept of switching delay, referring to the
time interval between promoter activation and expression response,

which was evaluated using Monte Carlo simulations. The latter study
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Fig. 2. Models of stochastic gene expression. (a) Two-stage model. (b) Three-stage model. (c) Expanded model to account for growth, gene replication and gene
dosage. Adapted from Cao and Grima, 2020.
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deals with how sensitivity in regulatory mechanisms is affected by signal
noise, originating from random fluctuations in regulatory responses due
to low copy numbers of these signalling molecules. It found that despite
these molecules being present in low number, they increase rather than
decrease regulatory sensitivity, defined as stochastic focusing.

A breakthrough study in 2006 derived the gamma distribution to
describe the steady-state protein concentration in a population of cells,
linking it explicitly to the stochastic dynamics of gene expression
(Friedman et al., 2006). The gene expression process is represented by
the aforementioned two-stage model. The distribution of protein copy
numbers, x, is then described by a gamma distribution detailed in Cai
et al. (2006):

xa—l e—x/b

p(x) - F(a)b“

where:

with a associated with the “burst frequency” (’i) , b represents the

“burst size” <’§>, and mf, and apz denote the mean and variance of the

protein distribution, respectively. It is important to highlight that the
gamma distribution is a continuum approximation, since the protein
copy numbers are integers. This model establishes a quantitative
connection between kinetic parameters and measurable metrics, such as
mean protein abundance (x) and variance (¢2), and provides a repre-
sentation of stochastic chemical dynamics considering molecule number
(discrete) and time (continuous). It elucidates how transcriptional noise
propagates to protein levels, linking mRNA and protein dynamics to
reveal gene expression variability and underlying regulatory mecha-
nisms. The model showed remarkable agreement with stochastic simu-
lations, accurately capturing protein distribution mean and variance
with relative errors as low as 1% under biologically relevant conditions
(Friedman et al., 2006). This theoretical framework was empirically
validated in a study that developed a robust technique for real-time
analysis of low copy number protein expression with single-molecule
sensitivity (Cai et al., 2006). A follow-up study expanded on these
findings and provided a simplification of the master equation of gene
expression (Shahrezaei and Swain, 2008). Assuming protein synthesis
occurs in bursts, mRNA fluctuations can then be implicitly represented
in the chemical master equation. Further, the lifetime of proteins is also
assumed to be much longer than the lifetime of mRNA molecules (mi-
nutes for mRNA compared to the length of the cell cycle for proteins).
This is expressed through a parameter, gamma, denoting the ratio be-
tween the probability per unit time of degradation of an mRNA and the
probability per unit time of degradation of a protein molecule; gamma
takes values larger than 1 for about 80% of genes in yeast. For large
values of gamma, mRNA levels can be considered to be at a steady-state
for most of the lifetime of a protein., provided gammas much larger than
1:

P, b \ <&/ b\
dr “[(lm)Z(Hb) P

r=0

+ (n+ l)Pn+1 7n-Pn~

Therefore, by simplifying the dynamics of a stochastic system, they
derive an approach to analyse general fluctuation in gene expression
data, avoiding large numbers of simulations necessary and aiding in
deconvolving factors that can affect protein distributions. The solution is
a discrete, negative binomial distribution that approximates to the
gamma distribution found by Cai et al. (2006).
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Later in 2010, there was another extension to this model, which
extended gamma distribution modelling to a genome-wide scale and
identified two distinct noise regimes: (1) Intrinsic Noise: At low protein
levels (m, < 10), noise scales inversely with mean protein abundance,
resembling Poisson behaviour, and (2) Extrinsic Noise: At higher protein
levels (m, > 10), noise levels off, indicating the dominance of extrinsic
factors such as global resource availability. The noise in protein
expression (hg) is defined as:

2
%
2

m,

where alf and mﬁ are the variance and mean of protein abundance,

h

respectively. When incorporating extrinsic factors, the total noise can
then be decomposed as:

(b) + (b)h3

P

B =

+h2+R2h + R

where h? and h? represent normalized variances for burst frequency
(a) and burst size (b), respectively. For mRNA, noise (h;) scales inversely
with mean mRNA abundance, reflecting its distinct stochastic dynamics.
This detailed noise analysis provides a clearer understanding of how
variability in gene expression arises, particularly in bacteria, where low
mRNA and protein copy numbers make noise a significant factor
affecting the relation between these quantities (Taniguchi et al., 2010).

In 2011, a mathematical model was developed to predict protein
abundance from transcriptomics data by integrating experimental
measurements of mRNA and protein levels along with their respective
half-lives. The model assumes steady state, where synthesis and degra-
dation rates are balanced, leading to simplified equations for mRNA and
protein dynamics:

mRNA dynamics : [nRNA] = Zi

dr

kg [MRNA
Protein dynamics : [protein] = %

dp

where v, is the mRNA synthesis rate, k4 is the mRNA degradation
rate constant, kg, is the translation rate constant, kg4, is the protein
degradation rate constant, [protein] represents the concentration of
protein. By substituting the steady-state expression for [nRNA] into the
protein equation, the steady-state protein concentration is then given
by:

Vsrksp

rotein| =
[p ] kdrkdp

This model enables the prediction of mRNA and protein levels under
steady-state conditions based on synthesis and degradation rates,
providing insights into gene expression dynamics in mammalian cells
(Schwanhausser et al., 2011).

Another study published in 2011 investigated the dynamic rela-
tionship between mRNA and protein levels in S. cerevisiae during os-
motic stress (Lee et al., 2011). The temporal dynamics of protein
abundance were modelled using a mass-action kinetic equation, ac-
counting for mRNA-driven synthesis, protein degradation, and dilution
due to cell growth and division:

dip]
de

where [P,] is the protein abundance for a given gene r, [nRNA,] is the
mRNA abundance for the same gene, k, denotes the translation rate,
which varies dynamically over time, k; is the protein degradation rate,
assumed to be constant, and p is the dilution rate due to cell division.
This model was used to show that temporary cell-division arrest main-
tains protein levels, preventing the significant decrease in proteins that
would occur with reduced transcripts. For example, without division

kmRNA,] — (kg + ) P/
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arrest, proteins encoded by reduced mRNA would decline by approxi-
mately 1.5-fold. Transient mRNA bursts, peaking 30 minutes after stress,
were shown to accelerate protein acclimation; their absence delayed
protein adjustment by an average of 53 minutes. Testing alternative
scenarios, such as constant translation rates or unchanged mRNA
abundance, confirmed that transcript reduction contributes minimally
compared to translational redistribution and division arrest. Addition-
ally, post-transcriptional regulation was observed to buffer variability,
with approximately 24% of proteins exhibiting reduced noise relative to
mRNA, ensuring stable production under stress conditions. These find-
ings highlight the dynamic interplay of transcriptional and post-
transcriptional processes during cellular adaptation.

An analysis from 2012 addressed how delays in protein synthesis
reduce the correlation between mRNA and protein levels in E. coli
(Gedeon and Bokes, 2012). Using an extended two-stage stochastic
model, the study showed that translational and maturation delays align
theoretical predictions with experimental observations of low correla-
tion. The mRNA dynamics was described by:

M(t) =M(t—1)+k, — g1 M(t)

where M(t) denotes mRNA abundance at time t, k; stands for the
transcription rate, and g; denotes mRNA degradation rate. The protein
dynamics with delay was modelled by

N(t) =N(t—1)+k,M(t —d) — &N(t)

where N(t) stands for protein abundance at time ¢, k, for translation
rate, d for translational delay, and g, denotes the protein degradation
rate. The key result derived from this mechanistic model is the expres-
sion for the correlation coefficient r between mRNA and protein abun-
dances in the delayed model, i.e.

—g1d
r=e# Tconst

where r denotes correlation coefficient between mRNA and protein
levels in the presence of delay, r.; the correlation coefficient in the
absence of delay, g stands for mRNA degradation rate (estimated as
%min’l) and d for translational delay (estimated as 7.5 minutes). If re
denotes the correlation coefficient in the absence of delay and r the

correlation in its presence, then using the mRNA degradation rate g; ~
: m~! and a translational delay d ~ 7.5 min, we find that when r,; =
0.13, the observed correlation drops to r = 0.029, and when 7y
0.16, it decreases to r = 0.035. Thus, the correlation between mRNA
and protein levels is reduced to 2.9-3.5% due to translational delay. This
resolves the apparent paradox of low correlation between mRNA levels
and protein abundance in E. coli by demonstrating that translational
delay is the primary factor reducing correlation, without requiring
additional sources of noise. Additionally, the mRNA degradation rate
strongly influences correlation by controlling mRNA turnover, while
other factors such as transcription rate, translation rate, and protein
degradation affect protein abundance but do not significantly alter
correlation.

A study published in 2015 integrated experimental data with a
computational framework to quantify the contributions of mRNA levels,
translation rates, and degradation rates to protein abundance in bone
marrow-derived dendritic cells of mouse (Mus musculus), both at steady
state and in response to stimulation. The authors modelled changes in
mRNA and protein levels over time using ordinary differential equations
(ODEs), which were fitted to experimental data. By comparing predicted
protein levels to observed data using Spearman-corrected coefficients of
determination, the study revealed that, before stimulation, mRNA levels

log, o (prot;) = 10g(a) + bpror—rnalog, o (RNA;) + l0g,,(TRmMIND;) + log;,(PnD;)

10
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accounted for 59-68% of protein variance, while translation and protein
degradation rates contributed 18-26% and 8-22%, respectively. Upon
stimulation, mRNA levels explained 87-92% of protein fold changes,
demonstrating that transcriptional changes primarily drive dynamic
responses, particularly in immune-related proteins. In contrast, protein
modules involved in basic cellular functions were more dependent on
translation and degradation for regulation (Jovanovic et al., 2015).
Another study from 2015 combined biological insights with mathe-
matical modelling to describe the relationship between mRNA levels,
translation, and protein levels in yeast. The authors initially assumed a
simplified mathematical model:
% = TiMi - 5ipi
where P; denotes the steady-state protein level of gene i, M; is the
mRNA level of gene i, 7; stands for the translation rate, and &; is the
protein degradation rate. At steady state, the equation simplifies to:
Ti

Tipg,
i

P =

This suggests that protein levels are proportional to mRNA levels if
translation and degradation rates are constant. However, translation
rates often vary with mRNA abundance, leading to a nonlinear rela-
tionship. To address this issue, the model was modified to include var-
iable translation rates dependent on mRNA levels:

where 7;(M;) is the translation rate as a function of M;. This study
further incorporated corrections for noise and advanced statistical
methods, such as Spearman’s correction and structured covariance
modelling (SCM), to account for missing data and measurement errors.
Regression techniques, like ranged major-axis regression, are also used
to reduce biases. Through simulations, the study validated these ap-
proaches and demonstrated that mRNA levels explain over 85% of the
variation in protein levels, revising earlier models that attributed more
variation to post-transcriptional effects (Csardi et al., 2015).

A 2017 study investigated the relationship between mRNA abun-
dance and protein expression in S. cerevisiae, introducing a refined
model for quantifying translational control. The steady-state equation
for protein expression is given by:

prot; = IQIVIAITRIPHDl

where RNA; is the mRNA abundance (molecules per cell), TR; is the
translation rate (number of protein molecules per mRNA molecule),
PnD; is the fraction of protein not degraded per cell cycle. Taking the
logarithm of both sides:

log,,(prot;) = log,(RNA;) +1og;,(TR;) +1og,,(PnD;)
The translation rate (TR) is separated into two components:
TR; = TRmD;-TRmIND;

where TRmD; (mRNA-dependent translation rate) affects how pro-
tein levels scale with mRNA levels and TRmIND; (mRNA-independent
translation rate) captures variation in translation efficiency that is un-
related to mRNA levels. Assuming that the amplification exponent
(bproc_rva) describes how protein levels scale with mRNA levels, the
above-mentioned equation can be rewritten as:
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where a is a constant and byro.—rna is the amplification exponent. The
relationship between translation rate and mRNA abundance is then
given by:

bprot—rva = 1+ brr_pna

where brr_gna is the slope of the log-transformed translation rate in
terms of the log-transformed mRNA level. The variance in total trans-
lation rate (TR) is split into:

var(log,,(TR) ) = var(log,,(TRmD) ) + var(log,,(TRmIND) )

TRmD explains ~ 20% of translation variance and TRmIND explains
~ 80% of translation variance. To quantify the contributions of mRNA,
TRmIND, and protein degradation, the study applies ordinary least
squares (OLS) regression:

log,,(prot) = a+ plog,,(RNA) + ylog,,(TRmIND) + n log,,(PnD) + ¢

where $ represents the contribution of mRNA abundance, y repre-
sents the contribution of TRmIND, n represents the contribution of
protein degradation, ¢ is the unexplained variance (likely due to mea-
surement error). The study estimates the amplification exponent as
bpror—rva = 1.20 (95% CI: [1.14, 1.26]) and the correlation between
mRNA and protein levels as R%prva =~ 0.94. The contributions to
protein expression variability includes mRNA levels contributing ~
94%, TRmIND ~ 5%, protein degradation ~ 1% of the variance. This
mathematical model refined the understanding of translational control
by distinguishing mRNA-dependent and independent contributions. It
demonstrates that mRNA levels predominantly determine protein
expression, while translation plays a secondary fine-tuning role rather
than a dominant one. The study challenged past overestimations of the
role of translation and strengthened the argument that transcription is
the primary driver of protein abundance (Li et al., 2017a).

Later, in 2018, a model based on ODEs was used to describe and
classify the dynamic relationship between mRNA and protein levels
during D. melanogaster embryogenesis. The core equation is given by:
% = a e mRNA(t) — 1-P(t)

where P(t) stands for the protein concentration at time t, mRNA(t)
denotes mRNA concentration at time t, « is the translation rate constant
(controls protein synthesis rate from mRNA), and 4 denotes protein
degradation rate constant. This equation models protein concentration
as a balance between synthesis, proportional to mRNA levels, and
degradation, proportional to protein concentration. To capture different
regulatory scenarios, four modelling scenarios were considered. The
production model assumes continuous synthesis and degradation, where
protein levels closely follow mRNA dynamics. The delayed-production
model introduces a fixed delay (At) between mRNA production and
the onset of protein synthesis, suitable for transitions like the maternal-
to-zygotic transition (MZT). The degradation model assumes negligible
synthesis (a = 0) and focuses solely on protein degradation, explaining
maternally deposited or pre-existing proteins. The stationary model
assumes neither synthesis (¢ = 0) nor degradation (4 = 0), resulting in
constant protein levels. For each mRNA-protein pair, parameters (a, 4,
and At) were estimated by fitting the model to experimental time-course
data. Based on these fits, mRNA-protein pairs were classified into one of
the four regulatory scenarios or marked as “rejected” if none of the
models provided a good fit. The majority of pairs (84%) were explained
by one of these models, while 16% were identified as involving complex
post-transcriptional regulation (Becker et al., 2018).

Although the two-stage and three-stage models discussed so far have
been useful, even expanded to include factors such as mRNA processing
and maturation, cell division, DNA replication, gene dosage, and
growth, they can only be explored through stochastic simulations. The
work of Cao and Grima (2020) proposes an analytically tractable sto-
chastic model of mRNA dynamics in eukaryotic cells. In this model, they

11

Biotechnology Advances 86 (2026) 108720

include the aforementioned factors as well as growth-dependent tran-
scription (Fig. 2c). To account for gene dosage, two gene copies can
independently switch between ON and OFF and replication results in
four copies at a certain cell age t. The change in rate in which each gene
is switched from OFF to ON is also considered. The maturation of mRNA
is represented by production of a unspliced mRNA, denoted by N, which
then becomes a mature, spliced mRNA denoted my M under rate k. This
spliced mRNA then decays at rate d. Another factor included is growth-
dependent transcription, where the rate of transcription p is propor-
tional to cell volume V. Lastly, to account for cell division, it is assumed
that both types of mRNA can be independently segregated between the
new cells, and it follows binomial partitioning, where the probability of
a mRNA molecules to end up in which cell follows a binomial distri-
bution. Using experimental data from eukaryotic cells, namely yeast,
mouse and human, this study found that variations in mRNA degrada-
tion rates and promoter ON-OFF switching to be the most significant
factors in explaining variability in gene expression across cell
populations.

Although now analytically tractable, two- and three-stage models,
even when extended to include cell-cycle effects, mRNA maturation, or
multi-step promoter activation, cannot uniquely resolve intrinsic
bursting from extrinsic heterogeneity, because any fixed-parameter
Telegraph or negative-binomial distribution can be re-expressed as a
compound of a “simpler” model with parameter noise. In this scenario,
Ham et al. (2021) have demonstrated that population-level mRNA dis-
tributions alone inflate apparent burstiness, confounding mechanistic
inference. To overcome this issue, they introduce the Noise Decompo-
sition Principle and pathway-reporter method, showing that measuring
covariances between successive species in the expression pathway
(nascent versus mature RNA, or mRNA versus protein) directly isolates
extrinsic noise on transcriptional parameters, without requiring identi-
cally regulated dual reporters. By framing extrinsic noise as the nor-
malised covariance of conditional expectations, this approach recovers
the true burst frequency and size parameters of the underlying two- or
three-state models, even in the presence of complex cell-cycle dynamics.
Integrating such pathway-covariance measurements into mechanistic
ODE or stochastic frameworks thus provides a principled route to
disentangle intrinsic transcriptional kinetics from ensemble variability,
thereby refining burst-parameter estimates and enhancing the predic-
tive power of mechanistic gene-expression models.

Building on the delay-driven bursting frameworks discussed above,

Jiang et al. (2021) introduce a different mechanistic approximation that
preserves non-Markovian memory effects without expanding state-space
by training a neural network to learn time-dependent effective pro-
pensities for degradation events. In their NN-CME approach, the delay
chemical master equation, whose two-time probability kernels render
direct analysis intractable, is projected onto a time-inhomogeneous
Markovian master equation by parameterizing the removal propensity
as a neural-network function, NN6(n, t). Crucially, the network is trained
on a modest number of stochastic simulations (or experimental snap-
shots), such that the learned propensities encode the full delay distri-
bution as dynamic corrections to first-order decay. Once trained, the
NN-CME yields analytic or finite-state-projection solutions that match
delay-CME distributions across regimes of constitutive expression,
bursting, and promoter switching, at a fraction of the computational
cost. Moreover, by including kinetic rate constants in the training
objective, this method simultaneously infers burst frequency, burst size,
and delay parameters directly from data, integrating parameter esti-
mation with model approximation. This hybrid mechanistic-machine-
learning framework thereby generalizes the two-state bursting models
reviewed above, offering a principled route to derive low-dimensional,
yet delay-aware, kinetic descriptions of gene expression.

Further advancing the quantification of transcriptional dynamics,
Grima and Esmenjaud (2024) addressed a critical limitation in inferring
parameters (synthesis rate a, switching-on rate f, switching-off rate 6)
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from single-cell mRNA count distributions using the two-stage model.
Their work demonstrated that unaccounted extrinsic noise such as cell-
to-cell variability in kinetic parameters introduces systematic biases in
estimated values, distorting interpretations of transcriptional bursting.
For instance, extrinsic noise in synthesis rates overestimates a, # and 6
while underestimating burst size, whereas noise in switching-on rates
has the opposite effect. Notably, near a critical noise threshold, inferred
parameters diverge to infinity, erroneously suggesting extreme bursting.
The authors also established "bias signatures" tied to noise sources and
derived a correction method leveraging gene-gene covariances in
scRNA-seq data to rescale burst frequencies and sizes. This framework,
validated across mammalian transcriptomes, challenges prior estimates
(e.g., Larsson et al., 2019) and underscores that traditional snapshot
fitting conflates intrinsic kinetics with extrinsic heterogeneity, a
fundamental constraint echoed in earlier multi-scale models (Cao and
Grima, 2020). By integrating moment-based inference with noise
decomposition principles, their approach bridges mechanistic accuracy
and population-level variability.

Statistical (regression) models. The limited correlation between
mRNA levels and protein abundances is primarily due to the regulation
of translation. As a result, directly monitoring translation can offer
valuable insights into gene expression by revealing post-transcriptional
regulation and protein synthesis mechanisms (Teyssonniere et al.,
2024). Ribosome profiling addresses the gap between transcriptomics
and proteomics by sequencing ribosome-protected mRNA fragments,
enabling the identification of actively translated regions. This technique
quantifies translational activity for each mRNA based on read counts,
also referred to as translation efficiency, which is defined as the ratio of
ribosome density (measured through ribosome profiling) to mRNA
levels (measured through mRNAseq) (Ingolia et al., 2009; Johannes
et al., 1999). Combining ribosome profiling with techniques such as
translating ribosome affinity purification (TRAP) for cell-specific ana-
lysis—particularly in complex tissues like the brain—can yield more
precise and quantitative measurements of translation, maintaining tis-
sue specificity (Guo et al., 2010; Ingolia, 2014).

In a seminal 2010 study, ribosome profiling and microRNA (miRNA)
measurements were used to assess the impact of translation efficiency
and mRNA levels on protein production in mammals. Specifically,
translation efficiency was calculated by comparing changes in ribosome
occupancy (ribosome protected fragments, or RPFs) to changes in mRNA
levels. For each gene, the change in ribosome occupancy was normalized
by the change in mRNA levels, enabling the isolation of the effect of
translation itself (i.e., the number of ribosomes bound to the mRNA)
from changes in mRNA levels. The study concluded that miRNAs pri-
marily affect protein production through mRNA destabilization rather
than direct inhibition of translation. This destabilization reduces mRNA
levels, which accounts for approximately 84% of the observed decrease
in protein output, while changes in translation efficiency, such as ribo-
some occupancy, contribute to a smaller extent. Thus, for most miRNA-
targeted genes, the reduction in mRNA levels is the dominant factor
influencing protein production, with translational repression playing a
much smaller role. In this context, mRNA stability plays a critical role in
determining protein production levels (Guo et al., 2010).

A 2014 study examined the impact of codon bias on translation ef-
ficiency and regulatory divergence between S. cerevisiae and
S. paradoxus. Using the tRNA adaptation index (tAl), which measures
how well codon usage aligns with tRNA availability, the study found
that genes with high tAI values used codons efficiently recognized by
abundant tRNAs, enhancing translation efficiency. Codon bias was
strongly correlated with mRNA abundance, ribosome occupancy, and
translation efficiency within both species. However, its inter-species
differences were weakly correlated with translation efficiency diver-
gence, suggesting that other factors, such as transcript leader features,
may play a bigger role (McManus et al., 2014).

Another 2014 study explored how genetic variation impacts the
relationship between protein and mRNA levels in yeast, revealing a

12

Biotechnology Advances 86 (2026) 108720

strong correlation between ribosome footprint abundance (protein
synthesis proxy) and mRNA levels (Spearman’s correlation p = 0.71,
rising to 0.77 for certain genes). Translation efficiency varied but typi-
cally reinforced or subtly adjusted mRNA differences without causing
major discrepancies. Translational differences modestly amplified
protein-level variations but were not the main driver of mRNA-protein
mismatches. Both cis- and trans-regulatory variations similarly influ-
enced mRNA and translation, highlighting their close connection (Albert
et al., 2014).

A 2014 study using ribosome profiling on two yeast species
(S. cerevisiae and S. paradoxus) and their hybrid showed that mRNA
levels alone cannot fully predict protein abundance due to the crucial
role of translational regulation. While cis-regulatory divergence in
mRNA levels was found in 61% of orthologs, translational divergence
affected 35%, with similar magnitudes of change (median log; cis-ratio:
0.288 for mRNA, 0.325 for translation). Translational regulation often
buffered mRNA changes, stabilizing protein production, as seen in 561
genes with opposing effects compared to 256 with reinforcing effects.
This buffering caused mRNA levels to overestimate protein divergence
by 15%, highlighting the combined role of transcriptional and trans-
lational regulation in maintaining protein levels (Artieri and Fraser,
2014).

A 2015 study examined mRNA levels and ribosomal density levels in
a study focusing on a hybrid of S. cerevisiae and S. bayanus. Protein
abundance correlated more strongly with ribosomal density (r = 0.62)
than with mRNA levels (r = 0.51), while the Pearson correlation be-
tween mRNA and ribosomal density was 0.77. These findings highlight
that protein abundance is more closely linked to translation efficiency
than to mRNA levels. Therefore, translation serves as a key regulatory
step, buffering against transcriptional fluctuations and maintaining
stability in protein expression despite variations in mRNA levels. This
result underscores the critical need to study gene regulation across
multiple levels to fully understand the mechanisms underlying pheno-
typic stability (Wang et al., 2015).

A 2018 study examined the impact of codon usage bias on translation
efficiency and its effect on the relationship between protein abundance
and mRNA levels. Synonymous codons, which encode the same amino
acid, are used with varying frequencies, with optimal codons matching
abundant tRNAs to enable efficient translation. In contrast, rare codons
corresponding to scarce tRNAs can slow translation, reducing protein
output even when mRNA levels are high. Translation efficiency, defined
as the ratio of protein abundance to mRNA abundance for a given gene,
reflects how effectively ribosomes synthesize proteins from available
mRNA transcripts and depends on the alignment between codons and
available tRNAs. The study found that highly expressed genes tend to
use optimal codons, ensuring high protein production and a strong
correlation between mRNA levels and protein abundance, whereas
genes with non-optimal codons exhibit a weaker correlation due to
slower translation or ribosome stalling (Frumkin et al., 2018).

Ribosome profiling (Ribo-seq) has been used to investigate the role of
post-transcriptional buffering in gene expression in S. cerevisiae under
severe oxidative stress. In control conditions, the Spearman correlation
between gene expression, measured by RNA-seq, and protein abundance
was 0.46, while the correlation between Ribo-seq (ribosome-protected
RNA fragments) and protein abundance was significantly higher, at
0.71. Under oxidative stress, the RNA-seq and proteomics correlation
improved to 0.62, whereas the Ribo-seq and proteomics correlation
slightly decreased to 0.67. These findings highlighted the superior pre-
dictive power of Ribo-seq in estimating protein abundance compared to
RNA-seq. They also observed that changes in mRNA levels are coun-
terbalanced by opposite changes in ribosome density. This mechanism
prevents significant alterations in protein levels and underscores the
prevalence and importance of post-transcriptional regulation, which
may be more widespread than previously understood (Blevins et al.,
2019).

In a subsequent study conducted in 2020, Spearman correlation
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coefficient (p) was used to assess the relationships among the mRNA
levels, ribosome profiling data, quantifying ribosome-protected mRNA
fragments to estimate protein synthesis rates, and protein abundances
across multiple mammalian species and organs. The analysis revealed
significantly stronger correlations between ribosome profiling and pro-
teomics data than between transcriptomics and proteomics data in all
three organs, namely, brain, liver, and testis. This highlights the crucial
role of translational regulation as a more accurate predictor of protein
abundance than mRNA levels alone (Wang et al., 2020).

Similarly, a 2021 study highlighted a substantial disconnect between
transcription (mRNA levels) and translation (measured as the number of
ribosome-protected fragments (RPF)) across various tissues and devel-
opmental stages in mice, showing that mRNA changes do not always
correlate with protein production. This study highlighted the complexity
of translational control and the critical role of post-transcriptional
mechanisms in tissue-specific functions and developmental transitions.
The study specifically focused on alternative splicing as an important
translational regulation mechanism, demonstrating how it generates
mRNA isoforms with varying translational efficiencies, leading to tissue-
and stage-specific expression patterns and impacting the mRNA-protein
relationship (Wang et al., 2021).

In a recent study, ribosome profiling and RNA sequencing were
performed to investigate the transcriptome and translation dynamics in
eight genetically diverse S. cerevisiae natural isolates from various
ecological environments. The study found a moderate to strong
Spearman correlation, ranging from 0.52 to 0.80, between RNA-seq and
Ribo-seq data across samples, indicating a clear relationship between
transcription and translation levels. However, these findings suggested
that additional regulatory mechanisms, such as post-transcriptional
buffering, modulate this correlation. Rather than focusing on a direct
measurement of correlation between mRNA levels and protein abun-
dance, the study highlights the broader patterns of buffering that help
maintain protein levels despite transcriptional variability (Teyssonniere
et al., 2024).

While translation has received the most attention as a complemen-
tary factor to transcription in protein prediction, several other key fac-
tors also play a significant role. These include protein degradation,
dilution during differentiation, and various mRNA features—such as 5’
UTR secondary structures, flanking nucleotides, open reading frame
(ORF) length, and codon usage bias (CUB). A 2010 study found a
moderate correlation between mRNA levels and protein abundance,
quantified by the Spearman’s rank correlation p = 0.46, concluding that
post-transcriptional regulation, including mRNA sequence length,
amino acid properties, upstream open reading frames (uORFs), and
secondary structures in the 5’ untranslated region (UTR), play a signif-
icant role in protein abundance variation in in human cells. Conse-
quently, a non-parametric regression technique, called multivariate
adaptive regression splines (MARS), was used to integrate various
sequence features to predict steady-state protein concentrations in
human cells. This analysis revealed that while mRNA levels alone
explained ~ 30% of protein variation, additional sequence-based factors
accounted for another 30 — 40%, with mRNA sequence length (~ 20%),
translation-related features (~ 9%), and protein degradation signals (~
8%) as the strongest contributors. Collectively, these factors explained ~
67% of total protein abundance variation, while the remaining ~ 33%
remained unexplained, likely due to unaccounted regulatory mecha-
nisms, cell cycle effects, and measurement noise (Vogel et al., 2010).

A 2013 study utilized partial least squares (PLS) regression to model
the contributions of transcription, protein synthesis, and protein
degradation to protein expression changes during differentiation. The
weak correlation often observed between mRNA and protein levels was
clarified by incorporating synthesis and degradation rates into the
model. The study revealed that synthesis rates accounted for 41% and
degradation rates for 13% of the variance in protein expression changes
not explained by transcription. The PLS decomposition of predictors and
response is described as:
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X=TP'+E

y=Tq+f

where y denotes the change in protein expression, X is a matrix of
transcriptional changes, synthesis rates, and degradation rates, T stands
for latent variables combining predictors to best explain protein
expression changes, P! is a loading matrix, linking predictors to latent
variables, E is the residual matrix for X (unexplained variation), q de-
notes the regression vector for y, showing influence of T, and f stands for
the residual of y, indicating unexplained variation. This approach
significantly improved the prediction of protein abundance dynamics
(Kristensen et al., 2013).

A similar analysis of over 800 genes in E. coli challenges the notion
that translation initiation is the primary bottleneck by employing PLS
regression on more than 100 mRNA sequence features. The study pre-
sents a predictive model that explains 66% of protein abundance vari-
ation, identifying mRNA transcript level as the dominant factor,
accounting for 53% of the variation. Translation elongation efficiency
contributes 12%, with codon usage and amino acid composition playing
a crucial role, favouring codons translated by abundant tRNAs. In
contrast, translation initiation factors account for only 1% (Guimaraes
et al., 2014).

In 2016, a linear regression model was developed to describe the
relationship between transcript abundance and protein abundance in
yeast. The model incorporates seven features related to translation and
post-transcriptional regulation to better predict protein levels based on
mRNA data. These features include transcript abundance, the trans-
lation adaptation index (tAI) (which measures codon bias), RNA-binding
protein interaction, protein degradation, transcript secondary structure
(PARS score), poly-A tail length, and protein turnover. The final model,
combining these features, explained about 70% of the variance in pro-
tein abundance across the quantified proteins. Three of the seven fea-
tures along with transcript abundance contributed to improving the
prediction accuracy. The predictive strength of the model was evaluated
using a Spearman rank correlation of 0.83 between observed and pre-
dicted protein abundances (Lawless et al., 2016).

A 2019 study developed a multivariate linear regression model to
predict the protein-to-mRNA ratio (PTR) from sequence features. This
model integrates various mRNA and protein sequence elements known
to influence translation initiation, elongation, termination, and protein
stability. It includes features such as codon usage, mRNA sequence
motifs (in the 5’ UTR, coding sequence, and 3’ UTR), protein sequence
features, GC content, mRNA half-life, and protein degradation signals.
The multivariate linear tissue-specific PTR model used in the study is
represented by the following equation:

Yij :ﬂ0j+xiTﬁj+€ij

where y; is the tissue-specific protein-to-mRNA ratio (logio) for gene i
in tissue j, x! is the row vector of sequence feature predictors for gene i,
f; is the vector of tissue-specific coefficients, f; is the intercept for tissue
j, and ¢ is the error term. The model was evaluated using data from 29
human tissues and 11,575 genes, highlighting substantial variation in
PTR ratios across different tissues (Wang et al., 2019). Initially, their LR
model accounted for an average of 22% of the variance based solely on
sequence information. By integrating additional experimentally vali-
dated interactions and modifications—including mRNA methylation,
miRNA and RBP binding sites, and post-translational modifications—the
model achieved a median precision improvement of 3.2-fold in pre-
dicting PTR ratios. Their results further validated previously identified
mRNA regulatory elements as key contributors to PTR ratio variability
(Eraslan et al., 2019).
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5. Future perspectives

Quantifying protein abundance is crucial for understanding the ul-
timate effects of gene expression, as proteins are the functional products
of genes and directly influence cellular behaviour and biotechnological
applications. While mRNA levels provide a snapshot of transcription,
protein levels ultimately determine biological function. Precise control
of protein abundance is essential for optimizing and controlling the
function of genetic circuits and metabolic pathways, as performed by
methods from synthetic biology and metabolic engineering. As a result,
by understanding factors that contribute to the accurate prediction of
protein abundance, synthetic biologists can enhance bio-production ef-
ficiency, reduce metabolic burden, and improve the reliability of engi-
neered biological systems for applications in biotechnology, medicine,
and environmental sustainability (Fig. 3).

The past two decades have seen significant advancements in high-
throughput transcriptomics and proteomics technologies, enabling
large-scale quantification of gene expression and protein abundance
across diverse biological systems. Despite these advancements, the
fundamental question of how closely gene expression (mRNA levels)
predicts protein abundance remains only partially resolved. A broad
spectrum of studies has established that while transcription is a key
determinant of protein levels, post-transcriptional, translational, and
degradation mechanisms introduce variability, rendering the accurate
prediction of protein abundance as a challenging problem (Liu et al.,
2016).

For instance, existing evidence has demonstrated that correlations
between steady-state mRNA and protein levels are moderate, often
ranging from 0.4 to 0.6 in bulk-level studies; these values can go up to ~
0.85 by accounting for noise measurement errors (Csardi et al., 2015).
The correlation weakens significantly at the single-cell level, where
stochastic fluctuations, transcriptional noise, and cell cycle effects
introduce further complexity.

Gene-specific variability in mRNA-protein correlations Given
that there is no universally high correlation between mRNA and protein
levels across all genes, categorizing genes based on function, expression
dynamics, and regulatory mechanisms can provide more nuanced in-
sights into factors that shape these correlations. Existing evidence shows
that the correlation between mRNA and protein levels can vary
depending on gene function, sequence conservation, and untranslated
region (UTR) lengths. For instance, studies on human CD8+ T cells have
revealed that while overall mRNA expression is a poor predictor of
protein output, function-specific correlations can also be identified
(Nicolet and Wolkers, 2022). These findings suggest that certain gene
classes may exhibit more predictable mRNA-protein relationships due to
shared regulatory mechanisms or structural features. Here, techniques
based on biclustering of correlations and functional similarity could be
useful to make systematic investigations of the existing data sets.
Furthermore, differentially expressed mRNAs often show a stronger

Gene-specific variability

Machine learning

Fig. 3. Future perspectives on the study of mRNA and protein abundance correlations.

relationship between mRNA and protein levels.
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correlation with their corresponding protein products than non-
differentially expressed mRNAs (Koussounadis et al., 2015). This sug-
gests that genes undergoing active expression changes may exhibit
tighter coupling between mRNA and protein abundances, reinforcing
the need for predictive models focusing on specific classes of genes to
improve the accuracy of predicted protein levels.

Machine learning approaches and large language models. In
multiple organisms, steady-state protein levels are primarily determined
by mRNA levels. However, factors such as spatial and temporal varia-
tions, local resource availability for protein biosynthesis, and protein
stability and degradation rates add complexity to the relationship be-
tween levels of protein and the corresponding transcripts (Liu et al.,
2016). Given that in many cases, transcript levels alone are insufficient
to predict protein abundance, incorporating mRNA sequence features
into machine learning models (e.g., non-linear regressions) represents a
promising approach to improving protein abundance predictions
(Zrimec et al., 2021). For instance, several regulatory and coding regions
have already been integrated into machine and deep learning models for
protein abundance prediction. These include codon usage (Ferreira
et al., 2021; Trosemeier et al., 2019), transcription factor binding sites
(de Boer et al., 2020), Shine-Dalgarno sequences in prokaryotes (Bonde
et al., 2016; Salis et al., 2009), and Kozak sequences in eukaryotes (Li
et al., 2017b) and DNA sequence (Ding et al., 2018; Fu et al., 2020;
Kotopka and Smolke, 2020). However, these opportunities are not fully
explored, particularly with respect to the consideration of natural vari-
ability in protein abundance and structural variants in genomes of
representatives (e.g., strains and accessions) of a species with advanced
machine learning and deep learning approaches.

The advent of large language models (LLM) trained on sequence data
have provided new means to analyse, predict, and design protein
properties. Amongst those with the task of analysing the relationship
between RNA and protein levels as well as predicting the latter, Stefanini
et al. (2023) adapted the Perceiver I0 (Andrew Jaegle et al., 2021)
model to predict both mRNA and protein levels from sequence data
alone. Testing on glioblastoma and lung cancer tissues, the R? score for
the predictions ranged from 0.026 to 0.161. The study of Carlos Outeiral
(2024) went in another direction, leveraging codon usage and nucleo-
tide sequences instead of amino acid sequence to train the LLM. They
developed a LLM named CaLM and compared its performance to LLMs
trained on amino acid sequences, such as ESM, ProtTrans and BERT.
They report that CaLM outperformed all other LLMs on predicting pro-
tein abundance, achieving a Pearson correlation of over 0.5 for
S. cerevisiae.

Ribosome competition and translational resource allocation A
crucial factor affecting protein abundance predictability is the compe-
tition for cellular translational resources. Historically, many studies
have examined the relationship between the mRNA levels of a single
gene and abundance of the corresponding protein. However, gene
expression and protein synthesis occur in a competitive environment,

Ribosome competition

b \\

L

Synthetic biology

The presented perspectives could help shedding light on the complex
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where limited translational resources such as ribosomes, tRNAs, and
translation factors must be shared among multiple genes. For instance,
Mather et al. (2013) made use of ideas from queuing theory to describe
how different mRNAs compete for limited translational resources.
Namely, when a particular transcript is significantly upregulated, the
total number of transcripts may increase, leading to competition among
mRNAs for translation by ribosomes. This competition introduces
translational crosstalk, where the expression of one protein is influenced
not only by its own mRNA abundance but also by the expression levels of
other genes in the network. To fully capture the complexity of gene
expression, future research making use of machine and deep learning
approaches must consider protein abundance as a function of all
expressed genes rather than analysing gene-protein relationships per
gene basis. This requires integrating translational resource availability
into predictive models and accounting for ribosome competition and
binding kinetics.

Synthetic biology and gene expression regulation. Understand-
ing the factors that regulate protein abundance is especially important
for biotechnological and synthetic biology applications. For instance, it
has been shown that the integration of protein abundance data into
protein-constrained metabolic models can improve the accuracy of
predicted physiological traits under different environmental and genetic
perturbations (de Moura Ferreira et al., 2023). For instance, knowledge
of how the expression of transcription factors affects the expression of
downstream target genes, and how their expression determines the
abundance of the corresponding enzymes can be used in the design of
precise metabolic engineering strategies. This approach would require
the integration of gene regulatory network models with models of
metabolism, which has already been attempted based on the large-scale
gene expression compendia (Chandrasekaran and Price, 2010). Note
that this research direction can benefit from having paired tran-
scriptomics and proteomics data to make better use of the integrated
models in the design of metabolic engineering strategies that do not only
include enzyme-coding genes, but also transcription factors.

6. Conclusion

Regulation of gene expression is one of the key factors to the pre-
diction of physiological and metabolic traits. We argue that this can be
achieved by making use of accurate machine or deep learning models for
protein abundance based on gene expression and gene sequence features
in the context of protein-constrained metabolic models. The systems-
level interplay between mRNA competition, ribosome availability, and
protein stability represents an essential but under-explored aspect of
gene expression. As a result, we advocate that future work should shift
from single-gene analyses to holistic models that account for the entire
gene regulatory networks, considering both transcriptional regulation
and resource-mediated translational constraints. As innovative tech-
nologies and computational models evolve, we can move closer to a
quantitative, predictive understanding of how gene expression dictates
protein levels in diverse biological systems and experimental settings.
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