
 

 

 

 

 

REPUBLIC OF TURKEY 

ACIBADEM MEHMET ALI AYDINLAR UNIVERSITY 

INSTITUTE OF HEALTH SCIENCES 

 

A TOOL FOR PREDICTION OF PROTEIN EXPRESSION FROM GENETIC 

DATA 

 

SILA GERLEVİK 

MASTER THESIS 

 

DEPARTMENT of BIOSTATISTICS and BIOINFORMATICS 

 

 

 

 

SUPERVISOR: 

Prof. Dr. Osman Uğur Sezerman 

 

 

 

ISTANBUL – 2021 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

REPUBLIC OF TURKEY 

ACIBADEM MEHMET ALI AYDINLAR UNIVERSITY 

INSTITUTE OF HEALTH SCIENCES 

 

 A TOOL FOR PREDICTION OF PROTEIN EXPRESSION FROM GENETIC 

DATA 

 

SILA GERLEVİK 

MASTER THESIS 

 

DEPARTMENT of BIOSTATISTICS and BIOINFORMATICS 

 

 

 

 

SUPERVISOR: 

Prof. Dr. Osman Uğur Sezerman 

 

 

 

 

ISTANBUL – 2021 

 

 



iii 

 

DECLARATION 

 

 

 I declare that; this thesis study is solely my original work. I had no unethical 

behavior at any stage, from planning to writing; I obtained all the information in this 

thesis following academic and ethical rules, I have shown all the resources I have used 

in the bibliography. There is no violation of any patents and copyrights. 

 

 

…/…/2021 

Sıla GERLEVİK 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 

 

ACKNOWLEDGMENTS 

 

 

 I would like to present my sincere gratitude to Prof. Dr Osman Uğur Sezerman, 

who is most tolerant advisor that a student can have, for his supervision, patience, 

support, and trust. I am thankful for the opportunity to work in his lab, and for the point 

of views he has given me. 

 

 

  I am also very thankful to Prof. Dr. Koray Özduman for the opportunity to work 

with Acıbadem University Brain Tumor Research Group to expand my knowledge and 

my passion.  

 

 

 Moreover, I would like to thank to jury members of my thesis, which are, Assoc. 

Prof. Emel Timuçin, and Assist. Prof. Burcu Bakır Güngör, for their worthy 

contributions 

 

 

 I am thankful to all my friends with whom we shared the same office for almost 

3 years for their mental and guide support and the deepest discussions that shape my 

personality and mentality. Our comprehensive journal clubs, and scientific boosting 

have become valuable for me during this period. 

 

  

 I am deeply grateful to my family for her trust in me, friendship, tolerance, 

patience, support, deep interest, time, and the point of views that they have been 

earning me. Finally, I want to express the most intense thanks to my dearie, Umut 

Gerlevik, for always being with me, his effort, support, and especially for his patience 

and understanding to every idea that pass through my mind. 

 

 

  



v 

 

TABLE OF CONTENTS 

 

 

DECLARATION ....................................................................................................... iii 

ACKNOWLEDGMENTS ........................................................................................ iv 

TABLE OF CONTENTS ........................................................................................... v 

LIST OF ABBREVATIONS AND SYMBOLS ..................................................... vii 

LIST OF FIGURES ................................................................................................ viii 

LIST OF TABLES .................................................................................................... ix 

SUMMARY ................................................................................................................ 1 

ÖZET ........................................................................................................................... 2 

1. BACKGROUND AND AIM OF THE STUDY ................................................... 3 

2. INTRODUCTION .................................................................................................. 5 

2.1 Biological Background........................................................................................... 5 

2.1.1 Protein expression and genetic code ................................................................... 5 

2.1.2 Translation elongation rate determinants ............................................................ 6 

2.1.3 Co-translational folding ...................................................................................... 7 

2.2 Computational background .................................................................................... 8 

2.2.1 History of quantification of protein expression .................................................. 8 

2.2.2 Machine learning Models .................................................................................. 10 

3. MATERIALS AND METHODS ........................................................................ 12 

3.1 Dataset .................................................................................................................. 12 

3.2. Features ............................................................................................................... 12 

3.2.1. Composition of coding sequence ..................................................................... 13 

3.2.2 Codon usage indices .......................................................................................... 13 

3.2.2.1 Effective Number Codons .............................................................................. 14 

3.2.2.2 Codon adaptation Index ................................................................................. 14 

3.3.2.3 Frequency of optimal codons ......................................................................... 14 

3.2.2.4 Codon bias index ............................................................................................ 15 

3.2.3 tRNA based indices ........................................................................................... 15 

3.2.3.1 tRNA adaptation index ................................................................................... 15 

3.2.3.3 Ribosome flow model .................................................................................... 16 

3.2 Implementations of features ................................................................................. 17 



vi 

 

3.3 Regression model training and prediction............................................................ 17 

4. RESULTS ............................................................................................................. 18 

4.1 Predictive results .................................................................................................. 18 

4.2 Factors affecting protein expression and abundance ........................................... 19 

5. DISCUSSION AND CONCLUSION ................................................................. 23 

6. REFERENCES ..................................................................................................... 26 

7. CURRICULUM VITAE ...................................................................................... 32 

 

 

 

 

 

 

 

 

 

  



vii 

 

LIST OF ABBREVATIONS AND SYMBOLS 

 

 

CAI  Codon Adaptation Index 

CBI  Codon Bias Index 

Fop  Frequency of optimal codon 

Nc  Number of effective codons 

RFM  Ribosome Flow Model 

tAI  tRNA Adaptation Index 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



viii 

 

LIST OF FIGURES 

 

 

Figure 1. Scatter plot of experimental protein yield versus predicted protein abundance 

levels with Pearson correlation value and significant p value (p < 0.0001). ............. 19 

Figure 2. Correlation between protein abundance and features in training data ....... 20 

Figure 3. Feature importance based on random forest on training data .................... 21 

Figure 4. Feature importance according to RBF-SVR model ................................... 21 

Figure 5. Feature importance based on gradient boosting machine model. .............. 22 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



ix 

 

LIST OF TABLES 

 

 

Table 1. Summary of features that were used in this study. ...................................... 16 

Table 2. 5 repeated 10-fold cross validation RMSE and Rsquared values on training 

data. ............................................................................................................................ 18 

Table 3. RMSE and R2 values of models on test data. .............................................. 18 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



1 

 

SUMMARY 

 

 

Proteins are responsible to function cell properly by playing important roles in 

physiological process and protein abundance directly affects the enzymatic reactions, 

protein-protein interaction, pathways. Protein expression is a complex mechanism that 

is finely regulated and controlled in every step from transcription to translation through 

all organisms. Absolute protein abundance within cell depends not only mRNA 

availability but also on tRNA availability, translation rate, co-translation folding, post-

translational modifications, and degradation rate. Absolute protein levels within cell 

are very dynamic and influenced by environmental and biological stimuli and 

underlying mechanisms of change in protein levels because of these stimuli is not still 

understood. Current technological developments lead to sequencing-based measure of 

mRNA levels to perform easily; however, measuring protein abundance are still both 

complicated and expensive. Protein level within cell is influenced by translation 

kinetics which depend on features of codon. In this study, we developed machine 

learning approaches to predict protein abundance level from given coding sequence 

based on codon and tRNA features by using Saccharomyces cerevisiae data. We 

calculated codon features that enables the frequency information from codon usage 

and calculated tRNA availability features. We used newly developed Ribosome Flow 

Model (RFM) to capture information about translation rate depending on codon order 

of gene. By using these features and codon composition, we developed random forest 

model, gradient boosting machine, and support vector regression approaches and select 

the random forest model had better performance among other (R2=0.56). It gives 

correlation value between prediction results and experimental yield was 0.79.   

 

Keywords: Codon Usage, Machine Learning Models, Protein Abundance, Translation 

Rate,  
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ÖZET 

 

Genetik Verilerden Protein Yoğunluğunu Tahmin Etmek için Bir Araç 

 

Proteinler, fizyolojik süreçte önemli roller oynayarak hücrenin düzgün işleyişinden 

sorumludur ve protein bolluğu, enzimatik reaksiyonları, protein-protein etkileşimini, 

yolakları doğrudan etkiler. Protein ekspresyonu, bakterilerden insanlara kadar tüm 

organizmalarda transkripsiyondan translasyona kadar her adımda hassas bir şekilde 

düzenlenen ve kontrol edilen karmaşık bir mekanizmadır. Hücre içindeki mutlak 

protein bolluğu sadece mRNA mevcudiyetine değil, aynı zamanda tRNA 

mevcudiyetine, çeviri hızına, birlikte çeviri katlanmasına, çeviri sonrası 

modifikasyonlara ve bozulma hızına da bağlıdır. Hücre içindeki mutlak protein 

seviyeleri çok dinamiktir ve çevresel ve biyolojik uyaranlardan etkilenir ve bu 

uyaranlar nedeniyle protein seviyelerindeki değişimin altında yatan mekanizmalar 

hala anlaşılamamıştır. Mevcut teknolojik gelişmeler, mRNA düzeylerinin dizileme 

tabanlı ölçümünün kolayca gerçekleştirilmesine yol açmaktadır; bununla birlikte, 

protein bolluğunu ölçmek için protokoller hala hem karmaşık hem de pahalıdır, hatta 

kütle spektrometrisinin protein havuzunu yakalamada sınırlamaları vardır. Protein 

bolluğu seviyesi, kodonun özelliklerine bağlı olan translasyon kinetiğinden etkilenir. 

Bu çalışmada, Saccharomyces cerevisiae verilerini kullanarak kodon ve tRNA 

özelliklerine dayalı olarak verilen kodlama dizisinden protein bolluk seviyesini tahmin 

etmek için makine öğrenme yaklaşımları geliştirdik. Kodon kullanımından frekans 

bilgisini sağlayan kodon özelliklerini hesapladık; ve tRNA uygunluğu indeksini 

hesapladık. Genin kodon sırasına bağlı olarak çeviri hızı hakkında bilgi toplamak için 

yeni geliştirilen Ribozom Akış Modeli'ni (RFM) kullandık. Bu özellikleri ve kodon 

kompozisyonunu kullanarak rastgele orman modeli, gradyan artırma makinesi ve 

destek vektör regresyon yaklaşımları geliştirdik ve son olarak performansı iyileştirmek 

için topluluk yöntemleri uyguladık ve eğitim verileri üzerindeki R2 değerini yaklaşık 

%6 artırdık ve tahmin sonuçları ve deneysel sonuçlar arasındaki Pearson korelasyon 

değerini 0.75 olarak bulduk. 

 

Anahtar Sözcükler: Kodon Kullanımı, Makine Öğrenme Modelleri, Protein Bolluğu,   
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1. BACKGROUND AND AIM OF THE STUDY 

 

 

 Proteins are accountable for most of biological processes as protein abundance 

levels within cell directly affect enzymatic reactions, pathway mechanisms, and 

protein-protein interaction. Absolute protein abundance depends on balance between 

various process such as transcription and mRNA stability, tRNA availability, ribosome 

speed, co-translational protein folding, post-translational modifications, and 

degradation of expressed protein (1). By Mehdi and et al., protein abundance was 

described the amount of copies of a protein molecule within cell because of the 

dynamic balance among previously mentioned processes (2).  

 

 

 Protein levels in cells is very dynamic and affected by environmental and 

biological process; thus, reliable quantification of absolute protein levels is necessary 

to understand cellular function and its effect on cellular phenotypes completely (3).  

Due to complexity of the rules and control of proteome, quantification of protein level 

change in cell resulted in biological stimuli does not completely understood up to date  

(4).  This lack of information about change in protein levels can cause several problems 

like low production yield in recombinant protein production and prevention of 

diagnosis in disease caused by synonymous mutation, which is mutation that do not 

change the amino acid order in protein. Understanding the determinants and 

regulations in protein expression mechanisms of the organism can provide the 

detection of protein concentration and allow the efficient recombinant protein 

production within given host and identification of biological mechanisms behind 

phenotypic variation and disease. Thus, predictive model for protein abundance can 

lead benefit for the heterologous protein expression, understanding biological 

mechanisms, and diagnosis for diseases (5,6).  

 

 

 Although currently, mass spectrometry technologies and proteomic analysis 

enables the detection of lots of proteins in different organisms, still great portion of 
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proteins cannot be detected because of limitations of physiochemical and experimental 

conditions and large cost (7). The protein abundance can be primarily determined by 

combining expression and translation factors like mRNA abundance, tRNA 

availability, translation rate, protein turnover rate, codon usage bias (CUB) (8). Since 

solely mRNA abundance is not sufficient to detect protein abundance, various features 

of mRNA have been proposed to understand effects of codon features on protein 

expression, which is most likely related to codon usage of organisms like codon 

adaptation index, frequent of optimal codon, number of effective codon, G+C content, 

and tRNA adaptation index (9). Although global protein abundance analysis is 

significant for system biology and biotechnology, it is a complicated work to use bulk 

data and information for understanding the expression capabilities (4).  

 

 

 With the help of these information, the purpose of this thesis is a development 

an algorithm to predict protein abundance from the given coding sequence for the host 

organisms by using the ribosome flow model outputs, several explanatory indices of 

codon usage and tRNA based indices.  
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2. INTRODUCTION 

 

 

2.1 Biological Background 

 

 

2.1.1 Protein expression and genetic code 

 

 

 Efficient process of protein expression is required to function cell properly. 

Expression of genes and translation process of genetic information into proteins by 

ribosomes is the main process in living cells (10,11). Transition of genetic information 

to protein by mRNA transcribed from DNA is described as translation process. mRNA 

template includes particular combination of 61 trinucleotide codons that translate into 

20 amino acids (12). The inherent redundancy of genetic code is referred as that all 

amino acids, (except Tryptophan and Methionine) can be encoded up to six different 

codons, which is termed as synonymous codons (13).  During translation elongation, 

decoding by ribosome, codons interacted with the anticodon of its matching (cognate) 

trinucleotide sequences in transfer RNA (tRNA), to insert the amino acids carried by 

the tRNA. Translation elongation rate is impacted by the synonymous codons, which 

correspond to same amino acids but diverge in the relative usage in genome, in 

abundance of their decoding tRNAs, and in necessity of some codons for wobble 

interaction. Wobble interaction is described as non-Watson-Crick base pairing of the 

third base in codon and first base in tRNA anticodon (14,15). Among lots of organisms 

synonymous codons are used with different frequencies, which is called codon usage 

bias (CUB) (16,17). Some codons paired by abundant tRNA are efficiently translated, 

called optimal codons, and are found in highly expressed genes in yeast and 

Escherichia coli, also their codon bias is higher (16,18). The influence of CUB on 

translation efficiency is emphasized by correlating the codon usage and translation 

efficiency in genome-wide and several studies in which genes’ codon replaced with 

optimal or suboptimal codons influences protein expression as expected (19–21). 
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Frequently used codons as described by codon usage bias patterns are classified as 

“fast” codons whereas rare codons are classified as “slow” codons (22).  

 

 

 Although studies for more than 30 years, underlying mechanisms of codon-

mediated effects on protein expression are not fully solved. The main ideas on 

translation elongation rate at different codons have been suggested to depend on tRNA 

concentration and slower translation elongation rate, because of the gathering of small 

influences of single codons paired by rare tRNA, decrease the translation efficiency 

(23,24). This hypothesis has confirmed with several experimental studies for yeast and 

microorganisms (25–27), which indicates that highly expressed genes utilize a subset 

of optimal codons based on their particular important iso-acceptor tRNA levels. 

However, this hypothesis has not confirmed for unicellular organisms and higher 

eukaryotes; such as humans in which their codon usage was described only by genomic 

GC content, and fly or worm in which selection determine their codon usage partly 

(28).  

 

 

2.1.2 Translation elongation rate determinants 

 

 

 Translation elongation is a complex progress, in which is required mRNAs, 

tRNAs, ribosomes, and many trans-acting factors and regulators to work together 

functionally. Ribosomal subunits (40S and 60S) are assembled at mRNA start codon 

with binding of initiator methionyl-tRNA at the P site of 80s ribosome complex by 

facilitating with initiation factors (eIFs) proteins. During elongation process, 80S 

complex moves through mRNA template by three nucleotides at a time, enlarging the 

polypeptide, in coordination with aminoacyl-tRNAs (aa-tRNA), GTP carrying correct 

(cognate) anticodon for codon in mRNA, and several elongation factor (eEFs) (called 

as ternary complex) in the ribosomal A site (12,29).  Three steps in elongation process 

are tRNA selection, peptidyl transfer, and translocation. In tRNA selection, ternary 

complex firstly binds to ribosome and then codon recognition and elongation factor 

disassociate by GTPase activation caused to GTP hydrolysis and then in the P site 
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amino acid portion of aa-tRNA get closer to the peptidyl tRNA where peptidyl transfer 

to take place. After then, the ribosome translocate forward one codon, when catalysing 

of elongation factor G and GTP hydrolysis, so tRNA also move towards E site first 

and then move towards P sites (12). This elongation cycle continues as next codon in 

the ribosomal A site waits for the new cognate, near-cognate, or non-cognate tRNA 

arrival, which termed according to their none, single or multiple base mismatches in 

given codon respectively (30). Studies show that translation elongation rate is 

significantly related to tRNA selection in A site of ribosome where cognate anticodon 

recognition occur faster and near-cognate anticodon is rapidly rejected (30–32).  

 

 

 It is appeared that codon usage biases relate with tRNA copy numbers of 

organism itself. Codons, recognized slower when their corresponding tRNAs are 

found at low concentration within cells, termed as rare codons and they can affect the 

translation elongation speed (33). Some studies shows that codon usage frequencies 

regulate ribosome traffic on mRNA and rare codons leads the ribosome to pause and 

to accumulate the nascent polypeptide during translation. In addition to this, previous 

studies in  wide range from fungi to animals indicates that rare codons decrease the 

translation rate whereas preferred codons rise the speed of translation elongation rate 

(34–36).  

 

 

2.1.3 Co-translational folding 

 

 

 Co-translational folding is the process that nascent protein emerging from 

ribosome starts acquired its tertiary structure by folding while it is synthesized by the 

ribosome. During translation process, folding process takes place simultaneously so 

that codon translation timing can influence the protein product. Thus, studies showed 

that slowing of translation lead to increase co-translational folding since slower codon 

translation rates allow a polypeptide to take more time for folding in translation 

process (22,37–39). Thus, common idea is that slowing of translation at the certain 

locations incline to rise the probability of domain-wise folding in protein whereas 
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speeding of translation incline to decrease it, when competing processes like early 

termination of translation or missed amino acid  do not occur (40–42).   

 

 

 Codon usage enables the translation speed to variate during mRNA translation 

since codon bias often change throughout the gene coding region; thus, codon usage- 

and order-dependent translation process would influence the time that allows different 

co-translation folding events (33). Studies of heterologous overexpression of proteins 

in E. coli cells indicate that using rare codons instead of common codons can cause 

small decreases of protein activity and solubility (38). Significantly, the effect of codon 

usage on co-translational folding was shown in study which mammalian gamma-B 

crytallin is expressed in E. coli by tracking of fluorescence intensity changes (43). It 

has been proposed that sequenced-based manipulation can be increase the protein 

folding in heterologous expression. The effect of local differences in translation rates 

on co-translational folding can be studied by using two different principles like 

computational researches to correlate between codon combination of mRNA and 

structural features of the proteins or like biochemical studies to detect influence of 

synonymous mutations on protein function (12).   

 

 

2.2 Computational background 

 

 

2.2.1 History of quantification of protein expression 

 

 

 Since mRNA measurement is performed easily, first analyses of protein 

abundance deduced from global mRNA quantification by microarray technologies. 

However, due to effects of post-translational, translational and degradation 

mechanisms, for more reliable results, protein abundance level require the direct 

measurement like mass spectrometry-based shotgun proteomics experiment, two 

dimensional electrophoresis, and high-throughput cell imaging (2,3). Although mass 

spectrometry technologies and proteomic analysis enables the detection of lots of 
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proteins, still lots of proteins cannot be detected because of limitations of 

physiochemical and experimental conditions and large cost (44).  Currently, ribosome 

profiling method enables the relative time of ribosome at each codon in gene before 

moving next, which theoretically strong method to detect influence of a single codon 

on translation elongation rate; however, there are several technical obstacles to manage 

this promise (18).  

 

 

 Due to technical obstacles, limited number of detection and large cost of 

experimentally detection of protein abundance levels, scientists have tried 

mathematical methods and statistical approaches to predict protein abundance level 

with given codon and tRNA information. According to the correlation between 

absolute protein levels and CUB, by using machine learning methods, prediction tools 

for non-model species or experimentally undetected proteins can be doable with 

metrics of codon usage bias (45,46).  Since codon usage and tRNA pool are highly 

organism specific, there would be limitations to produce protein if the RNA utilizes 

codon with low concentrate tRNA; thus, expression levels and features of codon 

encoding employed in training of model must be calculated for the target organisms 

(46). To capture information about codon selection, features were calculated such as 

Codon Adaptation Index (CAI), Codon Bias Index (CBI), effective codon number 

(Nc), frequency of optimal codon (Fop) and tRNA Adaptation Index (tAI). CAI 

measure the synonymous codon usage bias of gene and it resembles to synonymous 

codon frequency of a reference set of gene of organism. CBI is a measurement to detect 

gene utilizing a subset of optimal codons. Nc is a measure for overall codon bias and 

Fop is the ratio of optimal codons to synonymous codons. tAI is a measurement of 

adaptation of coding sequence based on tRNA copy number of an organism (21,47–

50).  

 

 

 Currently, a number of methods exists to use for prediction of protein abundance 

level, in which most of them use protein abundance within the cell by using mRNA 

expression and codon features as key predictive features (2). Tuller et al., combine 

mRNA level, tAI, and evolutionary rate of the transcripts to predict protein abundance 
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with linear regression (21). Futcher et al., shows good relation of protein abundance 

with mRNA abundance and codon bias after applying log-transform (51), Huang et al, 

estimated translation rate according to the sequence features of mRNA and functional 

features of mRNA by applying maximum relevance and minimum redundancy method 

and by selecting feature they improve the prediction model and they achieved to 

estimate the translation rate as low or high (52). Dos Reis et and colleagues developed 

a statistical model to measure translation selection in any given genome and they 

optimized the Wright’s Nc (28). These models did not cope with data with missing 

values so Mehdi et al., introduced Bayesian network model combining transcriptomic 

and proteomic data by using tRNA adaptation index,  mRNA level, protein interaction 

with mRNA, mRNA folding energy and half-life, to use for condition-specific data 

(2). Welch et al., constructed prediction model with partial least square (PLS) by using 

codon bias calculated from codon frequencies (53). Supek and Smuc built a prediction 

model for expression with free energy of protein folding and codon bias of codon 

frequencies with support vector regression (SVR) (54).  Fernandes and Vinga built 

SVR and PLS model at the same data used by Welch et al., and Supek and Smuc to 

increase performance of prediction of the protein level by adding extra features and 

ensemble averaging (46).  

 

 

2.2.2 Machine learning Models 

 

 

 Random forest (random decision forest) is a machine learning method which 

handles by building a multitude decision tree during running, in which for 

classification output is the class selective by most trees while for regression, the mean 

or average prediction for individual trees is the output. Random forest can be used for 

both classification and regression (55). Gradient boosting is a method for regression 

and classification as well. However, it develops a model in a stage-wise fashion to 

create model with ensemble of weak decision trees, where it constructs the model and 

generalizes them by optimizing of a differentiable loss function. It is often outperforms 

random forest. (56).  Support vector regression works with approximation function, 

which is described by the set of weights for the input variables, that deviates the most 
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ε from the training samples. It uses a form of regularization to generalize the large 

dimensional input features by maintaining the small weights. Because all points will 

not be inside ε tolerance band, slack variables that refer to distance from each point to 

the ε band around the approximating function need to be considered. This function is 

calculated by solving an optimization problem to describe the cost of a point that is 

outside the ε band. Training points generate the approximating function is defined as 

support vectors. Support vector regression uses kernel function which enables to 

construct non-linear functions by transforming data into higher dimensional feature 

space. There are several kernel functions, and in this study, radial basis function was 

used. Kernel functions are used to do calculations in any d-dimensional space where d 

is higher than 1; Radial Basis Function kernel uses exponent which gives the 

polynomial equation to infinite power, which would give a curve fitting any complex 

dataset (46).  
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3. MATERIALS AND METHODS 

 

 

3.1 Dataset  

 

 

 The protein abundance values were acquired from a unified dataset of 

Saccharomyces cerevisiae from YeastMine dataset which were populated by 

Saccharomyces Genome Database (57). This dataset was filtered to have protein 

abundance values that were for about 4000 proteins in which includes only genes with 

verified ORFs to make sure the encoding codes to start with a start codon and a stop 

with stop codon as well as divided by three. This unified protein abundance dataset 

was created by normalizing and scaling all 21 yeast proteome datasets to the most 

intuitive protein abundance unit as molecules per cell (3). They extract raw protein 

abundance value from 21 global quantitative studies of the yeast proteome, which 

some of them recorded in arbitrary units (a.u.) and compared values from each study 

with each other. They normalized the protein abundance values and converted all 

measurements of protein abundance into molecules per cell. They curated data with 

gene systematic name, proteins median abundance.  

 

 

3.2. Features 

 

 

 Features was calculated to construct prediction model for protein abundance by 

using genetic data of S. cerevisiae. Features can be classified in three main group like 

base composition of coding sequence, codon usage indices, and tRNA-based indices. 

Here we explained all indices in detail and as shown in Table 1 all indices were 

summarized.  
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3.2.1. Composition of coding sequence 

 

 

 These features are organisms independent and rely solely on nucleotides in the 

given sequences and gives information about nucleotide composition of coding 

sequence. G+C content of gene (GC) was calculated by ratio of the G and C bases 

towards coding sequence (58). G+C content at third position of synonymous codon 

(GC3) is a fraction of codons, which are synonymous at the third codon position, which 

have either guanine or cytosine at the third position. Base composition at silent site 

(A3s, T3s, G3s, C3s) was four separate features that described the found of each base 

at synonymous third codon position separately. Even though G3s and C3s related with 

GC3s content, this index does not directly comparable. It describes the found of each 

base at synonymous third codon position whereas in the GC3s, each synonymous 

amino acid has at least one synonym with G or C in the third position. Therefore, A3s 

is the frequency that codons have an A at their synonymous third position, relative to 

the amino acids that could have with A in the synonymous third codon position.  

 

 

3.2.2 Codon usage indices  

 

 

 Codon usage is different and multivariate for organisms, and the frequency of 

each codon within a coding sequence has some part of explanation of selection of 

codons, spreading over 61 separate features. To extract this information, multiple 

codon indices were calculated through the years, attempting to summarize, simplify, 

and explain the bias within codon usage of gene. These indices are usually dependent 

to organisms, requiring the prior knowledge about the preferred codons of an organism 

to determine the main trends in variation of the data. By using the codon usage 

frequency of organism, codon indices, which can summarize the codon selection 

information of target gene, can be calculated. Here we describe some codon indices 

which can be utilized to analyze codon sequence.  
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3.2.2.1 Effective Number Codons 

 

 

 Effective number of codons (Nc) is a simple measurement that quantifies 

deviation of codon usage of a genes from random usage of synonymous codons. Nc 

can be easily quantified by using only codon usage table and it is not dependent of 

gene length and amino acid composition (28,50). Its minimum value can be 20, while 

only per amino acid used solely one codon, and its maximum value 61, while all 

codons are used equally; thus, Nc is a intuitively meaningful measurement for the 

codon preferences of a gene (50).   

 

 

3.2.2.2 Codon adaptation Index  

 

 

 Codon adaption index (CAI)  (47) is most widespread method to analyse the 

codon usage bias. CAI measures of relative adaptiveness of the codon usage of a gene 

towards the codon usage of highly expressed genes of that organism. CAI measure the 

deviation according to reference set of genes unlike the effective number of codons 

(Nc) that measure the deviation of codon selection from uniform bias.  

 

 

 CAI is described as geometric mean of the relative adaptiveness score (𝜔) of 

each codon, which is the monitored frequency of each codon to the usage ratio of the 

mostly used codon for the same amino acid, over the length of the gene sequence.   

 

 

3.3.2.3 Frequency of optimal codons 

 

 

 Frequency of optimal codons (Fop) is a simple index that measure of species-

specific bias towards translational optimal codons in a species. It was defined as ratio 
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between the frequency of optimal codons and the total number of synonymous codons 

(27).  

 

 

3.2.2.4 Codon bias index  

 

 

 Codon bias index (CBI) (26) is directional the codon bias, which measures the 

extent to which a gene uses a preferred codons defined for an organism. In a gene with 

extreme codon bias meaning that only the preferred codons are used for all triplets in 

gene, CBI will be valued as 1 whereas in a gene with random codon usage, CBI will 

be valued as 0. Also, CBI can be a negative value, which indicates that the number of 

optimal codons is less than in a random selection. CBI valued importantly lower than 

zero indicates bias to rare non-preferred codons.  

 

 

3.2.3 tRNA based indices 

 

 

3.2.3.1 tRNA adaptation index 

 

 

 tRNA adaptation index (tAI) stand for the adaptation of coding sequence with 

respect to tRNA copy number of an organism. tAI provides to extract the influence of 

tRNA abundance and availability along with mRNA sequence on the translation rate 

(59). tRNA copy number across some genomes is highly associated with tRNA amount 

within the cell, and tRNA abundance is significantly assumed as a driving force on 

translation selection so that measurement of tRNA usage of gene would enable indirect 

way for detection of translational selection (28,60). tRNA adaptation index is 

described as geometric mean of relative adaptiveness of codon to gene’s genomic 

tRNA pool.   
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3.2.3.3 Ribosome flow model 

 

 

 Ribosome flow model (RFM) is a probabilistic model for the translation 

elongation process. It is like tAI because of their codon adaptation to the tRNA pool. 

However, unlike tAI, RFM is sensitive to codon order and ribosome jamming effect. 

Because of the stochastic nature of translation, RFM aim to get the influence of the 

order and composition of the codons, and size of ribosomes on translation rate (61).  

 

 

 RFM has two parameters, which are the initiation rate λ and the number of 

codons C that is the “size” of the ribosome. mRNA molecules are splitted like coarse-

grained into sites of C codons, which is suggested as 25 codons size by authors. It is 

possible the estimate translation rate of single codons with respect to tAI or similar 

metrices; thus, RFM uses a relative adaptiveness value to calculate the probability of 

tRNA that will be paired to its codon. 

 

Table 1. Summary of features that were used in this study. 

Features Definition 

G+C content Ratio of G an C bases in a gene 

G+C content at 3rd synonymous 

position (GC3s) 

Fraction of codons, which are synonymous at the third codon 

position, have either guanine or cytosine at the third position 

Base composition at silent site 

(A3s, T3s, G3s, C3s) 

Four separate features that described the found of each base at 

synonymous third codon position separately 

Codon Adaptation Index (CAI) Geometric mean of the ratio of the observed frequency of codon 

to the frequency of its most abundant synonymous codon 

Codon Bias Index (CBI) Frequency of optimal codons to random usage of synonymous 

codons 

Frequency of optimal codons 

(Fop) 

Ratio of optimal codons to synonymous codons that are 

predefined for an organism. 

Number of Effective codon (Nc) Deviation of the codon selection of a gene from the random 

usage of synonymous codons 

Lenght of silent size Frequency of synonymous codon 

tRNA Adaptation Index (tAI) The amount of adaptation of a gene to its genomic tRNA pool 

tAI bottleneck value The minimum value of tAI calculated regionally within gene 

Ribosome Flow Model output 

(Translation rate) 

Translation rate is calculated by considering the affinity 

between tRNA species and codons, the effect of codon order, 

and composition on translation rates, and ribosome jamming 
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3.2 Implementations of features 

 

 

 To evaluate whether machine learning can predict absolute protein abundance 

level or capture any underlying pattern of translation process by using codon usage 

indices, set of codon usage features were calculated. Codon usage metrices that are 

calculated individually for given ORF for each protein were used. To construct the 

model, aforementioned indices were calculated by using various tools such as CodonW 

(62) for codon indices and raw features of gene, stAIcalc (49) for tRNA based indices, 

and RFMapp (61) for translation rate from RFM output. All analysis was done with R 

4.0.0 via RStudio.  

 

 

3.3 Regression model training and prediction 

 

 

 Different machine learning models and different machine learning libraries were 

used to construct regression model such as support vector regression in “e1071” (63), 

random forest , gradient boost machine in “gbm” (64). Dataset was randomly split into 

two subsets for training as 75% of data and testing for 25% of data. To select the 

hyperparameters, randomized approach in which each parameter was sampled from a 

subset of possible values and values were selected according to models with best 

evaluation metrics while applying to test data. Repeated cross-validation was applied 

as 5 repeats for 10 folds. Models were built with “Caret” library on the same training 

data, with the same resampling parameters. Then model with best performance among 

others were chosen to make prediction on test data. All machine learning models were 

built by R 4.0.0 via RStudio.  
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4. RESULTS 

 

 

4.1 Predictive results 

 

 

 5 repeated 10-cross validation results for different models shown in Table 2. 

RMSE values of regression models were close each other, where random forest (RF) 

had lower value as 0.0260, followed by radial basis function-based support vector 

regression (RBF-SVR) having 0.0269, and gradient boosting machine (GBM) as 

0.028. Random forest had higher R2 value as 0.517, followed by RBF-SVR with 0.463, 

and GBM with 0.454. 

 

Table 2. 5 repeated 10-fold cross validation RMSE and Rsquared values on training 

data. 

 RMSE Rsquared 

GBM 0.0285 0.454 

RBF-SVR 0.0269 0.463 

RF 0.0260 0.517 

 

 Test data results of models were shown in Table 3. RMSE values were 0.0291, 

0.0314, and 0.0342 for RF, GBM and RBF-SVR respectively, and Rsquared values 

were 0.564, 0.440, and 0.361 for RF, GBM, and RBF-SVR respectively. Results of RF 

model were more reliable on test data rather than the GBM, where lowest RMSE and 

highest Rsquared. RBF-SVR was worse model on test data unlike on the training data 

where GBM had lowest performance. On test data GBM showed better performance 

than RBF-SVR.  

 

Table 3. RMSE and R2 values of models on test data. 

 RMSE Rsquared 

GBM 0.0314 0.440 

RBF-SVR 0.0342 0.361 

RF 0.0291 0.564 
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 According to the performances on both training and test data, random forest 

showed better performance than other models so that prediction was performed with 

random forest model and correlation between predicted results and experimental 

protein yields was shown in Figure 1. Log transformation was performed on both 

predicted and experimental protein abundance values and Pearson correlation 

coefficient was calculated as 0.79 (p < 0.0001).  

 

Figure 1. Scatter plot of experimental protein yield versus predicted protein 

abundance levels with Pearson correlation value and significant p value (p < 0.0001). 

 

 

4.2 Factors affecting protein expression and abundance  

 

 

 Each feature was correlated against protein abundance value to find the feature 

that correlated with protein expression level as shown in Figure 2. Spearman 

correlation was used because it is not use assumption about the distributions of 

features. In figures and inside the text, m_1, m_3, m_6, m_9, m_12, m_15, m_25 

referred to tAI bottleneck metrices, where numbers stand for sliding window size while 
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calculation for geometric means of relative adaptiveness of tRNA through the gene (m 

= {1, 3, 6, 9, 12, 15, 25}) and L_sym referred to frequency of synonymous codons; 

moreover A3s, T3s, C3s, G3s referred to base compositions of each nucleotide in third 

synonymous codon position of a gene while GC3s referred to fraction of gene, which 

had synonymous codon, had either G or C at third synonymous codon position.In 

Figure 2, MedianPA referred to median protein abundance of genes. tAI value had 

highest correlation value with the protein abundance along with the RFM value 

(TranslationRate) as 0.661 and 0.656, respectively. Codon indices had very low 

correlation with protein expression levels, where CAI had 0.067, CBI had 0.193, Fop 

had 0.115, and Nc had negative correlation value as -0.304. GC value had 0.267 

correlation value while A3s and L_sym (frequency of synonymous codons) had 

negative correlation value as -0.221 and -0.206 respectively with protein abundance. 

According to the results features about length and composition about coding sequence 

(L_sym, A3s, G3s, T3s) were negatively correlated with protein abundance levels.  

 

 

Figure 2. Correlation between protein abundance and features in training data 

 

 As shown in Figure 2, protein abundance columns were selected, tAI and RFM 

output (translation rate) were more correlated than codon usage indices. Feature 
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importance based on the machine learning models were also calculated separately. As 

shown in Figure 3, based on random forest model L_sym (length of silent sizes), tAI, 

and RFM output (TranslationRate) were relatively most important ones, followed by 

CAI, GC3s, T3s, m_25, m_6, m_3, Fop, m_9 and CBI and G3s, respectively.  

 

Figure 3. Feature importance based on random forest on training data 

 

 Also, as shown in Figure 4, according to the RBF-SVR model, tAI and RFM 

value were relatively most important ones, followed by Nc, CAI, CBI, C3s, and Fop 

respectively. 

 

 

Figure 4. Feature importance according to RBF-SVR model 
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 As shown in Figure 5, based on GBM model, again tAI was the relatively most 

important feature but it was followed by synonymous length of gene (L_sym) rather 

than RFM value unlike the other models, and it was followed by GC, RFM value, CAI, 

and tAI bottleneck value with sliding window size as 9. Important features in other 

models like CBI, Fop, Nc, and C3s had relatively very low importance in GBM model.  

 

 

Figure 5. Feature importance based on gradient boosting machine model. 

 

 After ensemble averaging, tAI and RFM value were relatively most important 

ones, followed by L_sym, Nc, CAI, GC, C3s, CBI, and Fop respectively. According 

to these models, tAI, L_sym, and TranslationRate (RFM output) were clearly showed 

as important features. 
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5. DISCUSSION AND CONCLUSION 

 

 

 In this study, we developed a machine learning approaches to predict the protein 

abundance level by using codon usage features, tRNA related features, and RFM 

value. We tried three different models by using random forest, gradient boosting, and 

support vector regression on the same data. Features were calculated with CodonW 

programme and with RFMapp for translation rate feature. Several studies in literature 

tried to improve prediction of protein abundance for different organisms with different 

features. Most studies used mRNA expression level as main predictive feature for 

protein abundance determination within the cell. Tuller, et al constructed a predictor 

for S. cerevisiae with mRNA levels data, tAI, and the evolutionary rate; this predictor 

attains a correlation value as 0.76 with experimental data by using linear algorithm had 

0.55 prediction accuracy (21). Our prediction results of protein abundance correlated 

with experimental protein yield with 0.79 value by using random forest regression. 

Fernandes and Vinga tried to improve machine learning performance on two different 

data and method (one from Welch et al (53) and other from Supek and Smuc (54)). 

They improved the models predictive ability by adding two different input features 

and applying ensemble averaging to the SVR or Partial Least Square model (46). We 

also tried the greedy ensemble on three models (which was not recorded in this study); 

however, performance of model did not improve significantly so that we decided to 

use random forest model had lowest RMSE and highest R2 values. To cope up with 

the missing data in biological data, Mehdi and his colleagues used Bayesian network 

model relied on mRNA level, mRNA-protein interaction, mRNA folding energy and 

half-life, and tRNA adaptation index and they showed that estimated protein yield was 

more dynamic than observed mRNA expression (2). This information shows that 

solely mRNA levels could not be the feature for prediction of protein abundance 

accurately; thus, in this study, we tried to quantify and to extract the information about 

codon, tRNA, and ribosome flow for given coding sequences.   
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 Unlike the other methods in literature, we used Ribosome Flow Model output 

which gives the translation rate value based on association between codon-anticodon 

pairing by considering the ribosome jamming on open reading frame. This feature was 

clearly important for all three models and affected model performance. Ribosome flow 

model considers the codon order, size of ribosomes, and their order and its output 

includes steady-state occupancy probabilities of ribosomes at each sites (number of 

codons given by free parameters C) and steady-state translation rates (61). Other 

features we used unlike the other models was frequency of synonymous mutation in 

given codon sequence (L_sym), which was shown within top important features in two 

models (RF and GBM). Previously, synonymous codons were considered as silent, 

which did not affect the protein expression importantly; however, lastly evidences 

shows that codon usage through synonymous codons regulates and controls protein 

structure and gene expression by influencing on co-translational protein folding, 

translational efficiency and accuracy, mRNA stability and transcription (22). Studies 

with ribosome profiling  have showed that ribosome occupancy time is different for 

the synonymous codons so that synonymous codons affect differently the speed of 

translation and translation rate which leads the co-translational folding kinetics of a 

protein (43). Some synonymous codons were labelled as rare codons and they slow 

down or pause the translation procedures at some important domain of protein to fine-

tune the co-translational folding process, which is highly conservative and optimized 

during evolution (22). Based on this information, as expected, length of synonymous 

codons was most important features in our random forest model which had best 

performance on both training data and test data, which is indicated that frequency of 

synonymous codon within the encoding sequence was remarkable feature to estimate 

protein yield of given coding sequence.  

 

 

 Several features were used to quantify the effects of such different factors to the 

expression levels of protein product in this study. Commonly, most preferred metrices 

like codon adaptation index (CAI) and frequency of optimal codons (Fop) appeared to 

be little to no association to protein abundance in our data. On the other hand, tRNA 

adaptation index (tAI), and metric that calculated via Ribosome Flow Model (RFM) 

termed as translation rate referred as best measures of protein production rate in our 
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data. Since parameters required for tAI and RFM can be calculated much more easily 

unlike the CAI, which requires the determination of the highly expressed genes for the 

organism, these metrices can be used for relatively unknown species and new host for 

expression.  

 

 

 To sum up, we propose a model can predict the protein abundance levels from 

given codon sequence for different hosts. This prediction tool can be used for 

simplification of technical aspects of protein expression, can be used for filtering the 

infeasible targets, selection of host for a target protein, and can be used for 

optimization of codon by estimating the limitations of translation efficiency. Also, 

such a prediction tool can be used for the understanding of underlying mechanisms of 

disease caused by silent mutations or used for understanding of changes in protein 

production because of the translational mechanisms.  
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