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CLASSIFICATION OF THERMOPHILIC AND MESOPHILIC PROTEINS USING N-GRAMS 

Marwy Elattar, M.S. 

George Mason University, 2017 

Thesis Director: Dr. Iosif Vaisman 

 

The project is focused on machine learning classification of thermophilic and mesophilic proteins 

using N-gram based representation of protein sequences. Two datasets containing proteins from 

both classes were used for the analysis. Alphabet reduction was performed on all datasets, and 

n-gram frequencies were calculated for each sequence using the reduced alphabet. Data 

normalization was done by calculating n-gram likelihoods. Four different machine learning 

algorithms (Naïve Bayes, Support Vector Machines, Decision Trees and Random Forests) were 

used for the protein classification. Accuracies of 100.0% were achieved using SVM, 99.3% using 

Random Forests, 90.3% using Naïve Bayes and 99.6 using Decision Trees. 
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Chapter One: Introduction 
 

 

 

The project addressed the challenge of automated classification of two types of proteins, 

Thermophiles & Mesophiles, using N-grams and Machine Learning. The project used two different 

datasets and four different algorithms to differentiate between the two types of proteins and a 

classification accuracy of 100% was achieved using Support Vector Machines (SVM). Much work 

has been done in this area due to the importance of these two types of proteins. These two types 

of proteins are utilized in different industries, such as Medical, Pharmaceutical, Nutrition and 

Agriculture. 

The study wanted to improve the accuracy of classification and build on the work that 

was previously done to achieve an automated precise cheap classification. 

1.1  Definitions: 
 

Thermophiles meaning heat-loving, are organisms with an optimum growth temperature 

of 50 °C or more, a minimum of about 40 °C and a maximum of up to 70 °C or more. Some extreme 

thermophiles (hyperthermophiles) require a very high temperature 80 to 105 °C for growth. Their 

membranes, enzymes and proteins are unusually stable at these high temperatures. Thus, many 

industries take advantage of these unique characteristics. Research on these unique proteins goes 

back 30 years. Since then, a great many papers have been written on the subject. Showing what 

makes these organisms somehow different from the other organisms that live in fairly lower 

temperatures. 

https://en.wikipedia.org/wiki/Hyperthermophile
https://en.wikipedia.org/wiki/Biotechnological
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Taylor and Vaisman (2007) mentioned some of these features like having a “highly 

hydrophobic core, tighter packing or compactness, deleted or shortened loops, greater rigidity 

(for example through increased Proline content in loops), higher secondary structure content, 

greater polar surface area, fewer and/or smaller voids, smaller surface area to volume ratio, fewer 

thermolabile residues, increased hydrogen bonding, higher isoelectric point, and more salt 

bridges/ion pairs and networks of salt bridges.” 

Mesophiles are organisms that grow best in moderate temperatures, neither too hot nor 

too cold, typically between 20 and 45 °C . The most known organisms that fit this category are 

yeast and E.coli. Mesophiles are used widely in different industries. Mesophile organisms are 

often included in the process of beer and wine making. Since the normal human body 

temperature is 37 °C, the majority of human pathogens and most of the organisms comprising 

the human microbiome are mesophiles. 

N-gram was defined by Broder (1997) as “a contiguous sequence of n items from a given 

sequence of text or speech. The items can be phonemes, syllables, letters, or words according to 

the application. The n-grams typically are collected from text or speech corpus”. A “unigram” is 

an n-gram of size 1; a "bigram" is size 2 and a "trigram" is size 30.  

N-grams with larger values for n are referred to as "four-gram", "five-gram", and so on. 

An n-gram model could be used for predicting the next item in a sequence. N-gram models are 

now widely used in natural language processing or computational linguistics, biological sequence 

analysis, and data compression. Benefits of n-gram models include simplicity and scalability. 

According to Broder (1997) “a model can store more context with a well-understood space–time 

tradeoff, enabling small experiments to scale up efficiently”. 

https://en.wikipedia.org/wiki/Organism
https://en.wikipedia.org/wiki/Celsius
https://en.wikipedia.org/wiki/Beer
https://en.wikipedia.org/wiki/Wine
https://en.wikipedia.org/wiki/Sequence
https://en.wikipedia.org/wiki/Phoneme
https://en.wikipedia.org/wiki/Syllable
https://en.wikipedia.org/wiki/Letter_%28alphabet%29
https://en.wikipedia.org/wiki/Word
https://en.wikipedia.org/wiki/Computational_linguistics
https://en.wikipedia.org/wiki/Space%E2%80%93time_tradeoff
https://en.wikipedia.org/wiki/Space%E2%80%93time_tradeoff
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Naïve Bayes classifiers “are a family of simple probabilistic classifiers based on applying 

Bayes' theorem with strong (naive) independence assumptions between the features”. Mozina et 

al. (2004) provided this definition. 

Decision Trees learning uses a decision tree as a predictive model which maps 

observations about an item to conclusions about the item's target value. Rokach (2008), explained 

that it is “one of the predictive modeling approaches used in statistics, data mining and machine 

learning. Tree models where the target variable can take a finite set of values are called 

classification trees. In these tree structures, leaves represent class labels and branches represent 

conjunctions of features that lead to those class labels. Decision trees where the target variable 

can take continuous values (typically real numbers) are called regression trees”. 

Random Forests “are an ensemble learning method for classification, regression and 

other tasks, that operate by constructing a multitude of decision trees at training time and 

outputting the class that is the mode of the classes (classification) or mean prediction (regression) 

of the individual trees. Random decision forests correct for decision trees' habit of overfitting to 

their training set”, Dietterich (1999). 

Sequential Minimal Optimization (SMO) is an algorithm for solving the quadratic 

programming (QP) problem that arises during the training of support vector machines. It was 

invented by Platt (1998). SMO is widely used for training support vector machines and is 

implemented by the popular LIBSVM tool. The publication of the SMO algorithm by Platt (1998) 

has been a step forward as previous methods for SVM training were complex and expensive. 

Alphabet Reduction (R) is the process where the protein sequence that contains a 20 

letter amino acid alphabet, is reduced to a smaller number of letters by sorting these amino acids 

https://en.wikipedia.org/wiki/Probabilistic_classifier
https://en.wikipedia.org/wiki/Bayes%27_theorem
https://en.wikipedia.org/wiki/Statistical_independence
https://en.wikipedia.org/wiki/Decision_tree
https://en.wikipedia.org/wiki/Predictive_modelling
https://en.wikipedia.org/wiki/Statistics
https://en.wikipedia.org/wiki/Data_mining
https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Leaf_node
https://en.wikipedia.org/wiki/Logical_conjunction
https://en.wikipedia.org/wiki/Real_numbers
https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
https://en.wikipedia.org/wiki/Decision_tree_learning
https://en.wikipedia.org/wiki/Mode_%28statistics%29
https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Quadratic_programming
https://en.wikipedia.org/wiki/Quadratic_programming
https://en.wikipedia.org/wiki/Support_vector_machine
https://en.wikipedia.org/wiki/John_Platt_%28Principal_Researcher%29
https://en.wikipedia.org/wiki/LIBSVM
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with similarities into groups. Reduced Alphabets do not change the fundamental properties of the 

original sequence as described by Regan et al. (2008). 

Support Vector Machines (SVM) were defined by Cortez et al. (1995) as “supervised 

learning models with associated learning algorithms that analyze data used for classification and 

regression. Given a set of training examples, each marked as belonging to one or the other of two 

categories, an SVM training algorithm builds a model that assigns new examples to one category 

or the other, making it a non-probabilistic binary classifier”. 

1.2  Significance: 
 

The classification and isolation of thermophilic & mesophilic proteins have a huge 

significance in the medical and industrial world. Their special physical properties allow their use 

in different experimental studies or industrial projects that benefit from these unique properties. 

To do so experimentally is extremely difficult and expensive, so performing the classification with 

an automated cheap process gives a lot of significance to the work that has been done in the past 

and the future work that will be done, to make the process of classification more efficient and 

precise. 

Gromiha et al. (2013) discussed the characteristics of a thermophilic protein and the 

importance of hydrophobicity as the dominating characteristic of the stability of thermophilic 

proteins, and how understanding the thermophilic proteins’ characteristics and their 

surroundings will be useful in the attempts to design thermostable proteins. 

Extreme thermophiles are microorganisms adapted to very high temperatures above 105 

degree Celsius. These organisms include archaea and bacteria. Their proteins are stable and 

functional in very high temperatures due to their unique features.  

https://en.wikipedia.org/wiki/Supervised_learning
https://en.wikipedia.org/wiki/Supervised_learning
https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Probabilistic_classification
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Thermophiles have many characteristics including high salinity and the ability to live in 

both high and low temperatures. Such characteristics and the adaptable nature of the proteins 

are allowing researchers to use those molecular advantages in a wide variety of industries such 

as electronics, agriculture, aquaculture, medicine, pharmaceuticals, food science, and nutrition. 

 Investigations by Ibrahim et al. (1999) ”on certain strains of thermophilic bacteria which 

were isolated from the environment of the United Arab Emirates has shown the potential of using 

these facultative bacteria for both in situ and ex situ bioremediation of petroleum contaminants.  

Breaking down long-chain organic molecules was usually a challenge and these bacteria were 

found to be ideal”. Due to their characteristics that allowed them to live in such harsh 

environments researchers are using these bacteria in different life sciences projects. The bacterial 

genome of these hyperthermophiles was an attraction for researchers to further investigate and 

analyze their genomes in an effort to understand the unique characteristics of these bacteria.  

Shandilya (2004) described a method that has allowed the “rapid identification and 

isolation of 13 poll genes (DNA polymerase lambda) from a diverse selection of thermophilic 

bacteria and report on the biochemical characteristics of nine of the purified recombinant 

enzymes”. 

The two thermophilic species Thermus aquaticus and Thermococcus litoralis are used as 

sources of the enzyme DNA polymerase, for the polymerase chain reaction (PCR) in DNA 

fingerprinting. 

PCR require phases of heating to separate DNA strands by breaking the hydrogen bonds 

in the DNA forming single strands. These single strands can now be copied easily. Another 
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thermophile, Bacillus stearothermophilus (maximum temperature 75oC) has been grown 

commercially to obtain the enzymes used in biological washing powders. 

 

1.3 Background: 
 

The two major methods used in this study are n-grams and machine learning for the 

discrimination between thermophilic and mesophilic proteins. The study also used the Weka 

software and the Spark framework to implement the four algorithms used in the protein 

classification process. Upon reviewing the previous work done, these methods have been utilized 

in several projects and papers in the field of bioinformatics. 

N-grams and machine learning were both utilized by Albyrak et al. (2012) to discriminate 

between thermophilic and mesophilic proteins. The authors used sequence information alone to 

discriminate between two types of proteins. The authors reduced the amino acid alphabet based 

on shared physicochemical and structural features. Frequencies of 1-gram, 2-grams and 3-grams 

for each sequence were calculated then the five-fold cross validation was used on the training set 

containing 1609 thermophilic and 3075 mesophilic sequences belonging to 9 - 15 organisms were 

used. The training set was subjected to the ‘Synthetic Minority Oversampling Technique’ provided 

by the Weka software to balance the size of the two types of protein classes. The test set 

contained a total of 707 protein sequences of which 325 were mesophilic and 382 were 

thermophilic. Classification was carried out using an integrated software for support vector 

machine classification (LibSVM). A classification accuracy of 91.79% was achieved, also based on 

their results 1–grams were proved to be better predictors than 2-grams and 3-grams. 

Gromiha et al. (2007) discriminated between thermophilic and mesophilic proteins using 

machine learning techniques. The authors found out that the core of thermophilic proteins 
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contained more charged and hydrophobic residues. Alanine, Leucine, Glutamine, and Threonine 

were found more in the core of mesophilic proteins. The authors in their project used a 

significantly large training set consisting of 3075 mesophilic and 1609 thermophilic proteins. The 

authors analyzed the sequences using different machine learning techniques to discriminate 

between the two types of protein and used a test set consisting of 325 mesophilic proteins and 

382 thermophilic proteins. A classification accuracy of 91% was achieved using neural network 

based cross validation. 

Taylor and Vaisman (2007) discriminated between thermophilic and mesophilic proteins 

based on both their sequence and structure. The authors noted that their data showed length 

differences in protein sequences, thermophilic sequences tend to be shorter than mesophilic 

ones. Also thermophilic proteins have more charged residues and fewer polar ones. The study 

also noted that Arginine is found more often in thermophilic proteins and Lysine was found more 

often in hyperthermophilic proteins. Finally the study concluded that discriminating between 

thermophilic and mesophilic proteins based on their structure and sequence is better than 

discriminating between them based on structure alone. 

In Zhang et al. (2006), the authors discriminated between thermophilic and mesophilic 

proteins using support vector machines, self-consistency validation, 5-fold cross-validation and an 

independent testing procedure with other datasets. The authors achieved classification 

accuracies of 94.2%, 90.5% and 92.4%, respectively. 

Gromiha et al. (2006) used machine learning in discriminating between the outer 

membrane proteins (OMPs) from other folding types of globular and membrane proteins then 

predicted their secondary and tertiary structures. They used a data set consisting of 1088 

http://www.ncbi.nlm.nih.gov/pubmed/?term=Zhang%20G%5BAuthor%5D&cauthor=true&cauthor_uid=17168816
http://www.ncbi.nlm.nih.gov/pubmed/?term=Gromiha%20MM%5BAuthor%5D&cauthor=true&cauthor_uid=16493651
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proteins. The authors found out that most machine learning techniques share a similar range of 

accuracy. An accuracy of 91% was achieved using five-fold cross validation. 

Machine learning was also used in data classification by Hosseinzadeh  et al. (2012), the 

authors discriminated between small cell lung cancer (SCLC) and non-small cell lung cancer 

(NSCLC) tumors. This classification is very important in the diagnosis of lung cancer. The authors 

classified lung tumors based on the 1497 attributes derived from structural and physicochemical 

properties of protein sequences. Using the Random Forest algorithm to differentiate between 

SCLC and NSCLC proteins, the authors achieved an accuracy level of 86%. 

A paper by Ronimus et al. (1997), classified thermophilic and mesophilic proteins using 

random amplified polymorphic DNA fingerprinting assay (RAPD-PCR). The study optimized a 

random amplified polymorphic DNA fingerprinting assay to discriminate between the two types 

of proteins. The optimized conditions have been used successfully to trace B. stearothermophilus, 

B. licheniformis and other bacillus species and strains in an industrial setting. 

In Xie et al. (2015), n-grams were used. The authors combined n-grams with random 

forests and examined their ability to detect protein remote homology. The authors used 

unigrams, bigrams and trigrams on their amino acid sequences. The Random Forest algorithm was 

the best classifier used and showed the best results of 0.975 (ROC) compared to SMO, Naïve Bayes 

and Decision Trees. 

Suresh et al. (2015) published a paper using a machine learning method to predict 

membrane protein-ligand binding residues using basic sequence information. The authors used 

Naïve Bayes as a classifier, which was trained and tested using a data set consisting of 42 

sequences from 31 alpha-helical membrane proteins. The Naïve Bayes classifier was used and 

achieved accuracies of 70.7% with 72.5% specificity and 61.1% sensitivity in identifying ligand 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Hosseinzadeh%20F%5BAuthor%5D&cauthor=true&cauthor_uid=22829872
http://www.oalib.com/search?kw=Faezeh%20Hosseinzadeh&searchField=authors
http://www.oalib.com/search?kw=Faezeh%20Hosseinzadeh&searchField=authors
http://www.ncbi.nlm.nih.gov/pubmed/?term=Xie%20S%5BAuthor%5D&cauthor=true&cauthor_uid=25729937
http://www.ncbi.nlm.nih.gov/pubmed/?term=Suresh%20MX%5BAuthor%5D&cauthor=true&cauthor_uid=25802517
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binding residues from sequence. When the sequences were encoded by psi-blast generated PSSM 

profiles, the classifier performed better. In 83.3% (35 out of 42) of the proteins, the classifier 

identified the ligand binding sites by correctly recognizing more than half of the binding residues. 

Feng et.al (2013) tried to understand the functions of phage virion proteins which is a 

virus in infective form, consisting of an RNA particle within a protein covering. First there was a 

need to identify phage virion vs. nonvirion potein sequences through a computational method 

since the experimental methods are expensive and time consuming. The paper used the Uniprot 

database to create a data set of 121 phage of virion protein sequences and 231 phage of nonvirion 

protein sequences. They trained a Naïve Bayes classifier using the data set created, an accuracy 

of 75.57% with an average sensitivity of 53.54%, and an average specificity of 83.17% were 

obtained for the classification of phage virion and nonvirion proteins. 

Li et al. (2010) published a paper using a novel scoring function for discriminating 

hyperthermophilic and mesophilic proteins with application to predicting relative thermostability 

of protein mutants.  Li addressed the problem of the lack of reliable methods to estimate the 

relative thermostability of possible mutants. The authors used all protein sequences from nine 

organisms, including four hyperthermophilic and five mesophilic organisms to create a dataset. 

The random forest algorithm was used for the classification process. The prediction accuracies 

reached 98.9% and 97.3% in discriminating orthologous pairs in training and testing datasets, 

respectively. 

N-grams were also used in the classification of proteins and the prediction of their 

secondary structure. Vries et al. (2007) described the relationship between n-gram patterns and 

the protein secondary structure. The authors used an n-gram pattern that was shared between a 

number of sequences to connect and reflect their evolutionary relationships. By developing 

http://www.ncbi.nlm.nih.gov/pubmed/?term=Li%20Y%5BAuthor%5D&cauthor=true&cauthor_uid=20109199
http://www.ncbi.nlm.nih.gov/pubmed/?term=Vries%20JK%5BAuthor%5D&cauthor=true&cauthor_uid=17523186
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algorithms for the prediction and classification of proteins using the n-gram pattern, the authors 

were able to accurately predict 71-76% of alpha-helical segments and 62-67% of beta-sheets. 

Srinivasan et al. (2013) used n-grams to classify proteins based on their class. The authors 

used from 4- to 8-grams of the protein sequences of different classes in the dataset. The authors 

applied a scoring function against a different dataset containing 50 enzyme families with known 

Prosite database patterns, which resulted in the recovery of 90% of the sequences with correct 

patterns. 

 

1.4 Workflow Chart: 
 

The flow chart in figure (1.1) shows the steps that were taken in this project, starting from 

sequences of proteins in Fasta files to the final step of applying machine learning. 

 

 
Figure (1.1): Workflow Chart, describing the steps done in the project. 
  

start dataset
Alphabet 
Reduction

N-grams
Frequencies 

(F)
Likelihood (L)

Log (L)
Machine 
learning

End

http://www.ncbi.nlm.nih.gov/pubmed/?term=Srinivasan%20SM%5BAuthor%5D&cauthor=true&cauthor_uid=23496846
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Chapter Two: Methods 

 
 
 

The project used mainly two methods; the n-grams after reducing the alphabet and 

machine learning. The data which consists of two datasets used in this project was modified from 

protein sequences in Fasta format to log likelihood frequencies to be used by machine learning 

algorithms. 

 

2.1 Reduced Alphabet (R): 
 

Reducing the alphabet is the first step performed on the two datasets in this project. The 

20 letters amino acid alphabet was reduced to a 3-letter alphabet. Five different reductions were 

performed on each dataset. B, U, J are the letters the project used in the code to reduce the 

alphabet. Table (2.1) shows the five reduced alphabet used in this Project. 

 

Table (2.1): Reduced Alphabet 

Reduced 
Alphabet 

Letter 1 [B] Letter 2 [J] Letter 3 [U] References 

1 CMFILVWY ATHGPR DESNQK Wang (1999). 

2 CFYWMLIV GPATS NHQEDRK Li (2003) 

3 AFVILPMG DEKR STYCNQHW Branden (1991).  

4 MHVYNDI QLEKF WPRGSATC Mekler (1970) 

5 LASGVTIPMC EKRDNQH FYW Murphy(2000) 

 
 
 
A brief description of each reduced alphabet is as follows: 
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Number1: Clustering scheme is related only to the substitution matrix and the composition of 

residues. 

Number2: simplification of residue alphabets by comparing the similarity scores between the 

sequences through the alignment. 

Number3: grouped by their Physiochemical properties, hydrophilic, charged and polar. 

Number4:  grouped by complementary genetic code. 

Number5: clustering scheme based on the analysis of correlations among similarity matrix 

elements used for sequence alignments. The procedure averages the matrix elements of the most 

closely related residues, and constructs reduced similarity matrices using these average values. 

2.2 N-grams: 
 

Tri-gram frequencies were calculated for each sequence after the reduction of the 

alphabet. The frequency (F) for a certain n-gram in a sequence, F(n-gram), is the number of times 

the n-gram appears in the sequence out of the total number of n-grams in the sequence. The 

number of features used in this project using a three letter reduced alphabet and 3-grams will be 

3³ which is 27 features. 

To normalize the data and prevent the skewing of the decision process, the likelihood (L) 

of each frequency of n-gram in all sequences was calculated (by dividing the frequency of n-gram 

by product of frequencies of the alphabet letters of the n-gram), followed by the log of likelihood 

(Q) through the following equations: 

 
L(ijk) =

𝑓(𝑖𝑗𝑘)

𝑓(𝑖) × 𝑓(𝑗) × 𝑓(𝑘)
  , 

 

 
[2.1] 
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 𝑄𝑖𝑗𝑘 = log(L𝑖𝑗𝑘). 

These calculations were done using code the project developed to, 1) read Fasta 

files, 2) reduce the alphabet, 3) calculate n-grams and 4) calculate frequencies of n-grams 

and log of the frequencies. 

[2.2] 

 

2.3  Machine learning: 
 

Machine Learning is one of the most popular fields in artificial intelligence where topics 

like pattern recognition and computational learning are studied. These algorithms build models 

from example inputs, these models are then used to make predictions about other previously 

unseen data. The output could include the percent of correctly classified (predicted) instances 

along with data visualization. In this project the data was trained and cross validated using 

Decision Trees, Naïve Bayes, Random Forests and Support Vector machines. 

The two datasets were trained using 10 fold cross validation using all four algorithms. To 

mimic the real world and test the datasets, the two datasets were combined and an 80/20 split 

of the data was carried out. A 60/40 split was performed only on one dataset. To validate our 

results in addition to Weka, the Spark framework was also used. The Spark Framework is a general 

efficient framework for large-scale data processing.   

  

https://en.wikipedia.org/wiki/Computer_science
https://en.wikipedia.org/wiki/Pattern_recognition
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Chapter Three: Materials 

 
 
 

In this project two different datasets were used, the two datasets were in the form of 

protein sequences in Fasta files, each dataset contained the two types of proteins thermophilic 

and mesophilic. 

One dataset was provided by Albayrak (2012) who published a paper addressing the 

protein classification using machine learning, referred to as the Albayrak dataset. The two Fasta 

files provided, contained 382 thermophilic (Aquifex aeolicus) and 325 mesophilic (Xylella 

fastidosa) sequences belonging to 9 and 15 organisms respectively. To have an equal number of 

proteins from each category in this dataset, 325 proteins were used from each. 

The other dataset used in the classification of proteins was created by this project, 

referred to as dataset1. For thermophilic protein sequences, 16 different organisms werer used 

to create 334 thermophilic protein sequences, the organisms used were A. pyrophilus, A. infernus, 

T. tenax, P. islandicum, P. aerophilum, T. pendens, T. librum, S. zilligii, A. pernix, I. islandicus, 

P.occultum, H. butylicus, P. fumarii, P. furiosus, P. abyssi, and P. horikoshii. All organisms chosen 

have a minimum upper growth temperatures of 95 degrees Celsius according to Stetter (2016). 

The protein sequences were extracted from the Uniprot database. 

Mesophilic protein sequences were chosen using four different organisms; E.coli, 

D.melanogaster, S.cerevisiae, and A.thaliana creating 334 protein sequence. The sequences were 

extracted from the Uniprot database.   
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Chapter Four: Rationale 
 
 
 

The number of features used in classification by previous research was large, it reached 

6,859 features, using 19 alphabet letters with 3-grams. To utilize machine learning for 

classification, it is in many cases better to use a simplified model to ensure shorter training time 

and to reduce overfitting.  

The best accuracies achieved were 91.79% and 94.2%, it is projected to improve these 

accuracies by reducing the number of features. 

The biology of the previous work focused on the properties of proteins and the role of 

biology in classification. This project focused on patterns of n-grams and attempted to link them 

to the type of protein.  

This project’s specific aim is to create an algorithm that can classify and predict the two 

types of proteins, using n-grams and machine learning. Also to investigate the effect of a reduced 

alphabet on protein classification, investigate the performance of different machine learning 

algorithms and investigate the biology behind classification not the role but pattern identification.    
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Chapter Five: Results 

 
 
 

This project utilized the reduced alphabet frequencies that contained 27 features for each 

sequence of the thermophilic and mesophilic proteins with the Weka software and the Spark 

framework. 

This project used four machine learning classification algorithms through 10 fold cross 

validation on the five reduced alphabet frequencies for the two datasets. Table (5.2) shows the 

results obtained against the Albyrak dataset, it shows both the area under the curve (AUC) of a 

receiver operating characteristic curve (ROC) and the percentage accuracy. Random forests with 

R1 gave an accuracy of 100% and AUC of 1.00, SVM gave the same results as random forests but 

with R2 and R3. Decision Trees gave an accuracy of 99.5% and an AUC of 0.97 with R1 as well. 

 

Table (5.2)10 fold cross validation Albyrak dataset results 
.  

 
 

 
 
 

 

 

Albayrak 
Dataset 

R1 
(AUC) 

R1 
% 

R2 
(AUC) 

R2 
% 

R3 
(AUC) 

R3 
% 

R4 
(AUC) 

R4 
% 

R5 
(AUC) 

R5 
% 

Naïve 
Bayes 

0.94 91.6 0.96 96.6 0.95 90.3 0.92 90.3 0.82 67.2 

SVM 0.99 99.8 1.00 100.
0 

1.00 100.0 0.99 99.7 0.99 99.8 

J48 0.97 99.5 1.00 99.1 0.97 96.0 0.96 96.3 0.94 93.6 

Random 
Forest 

0.99 100.
0 

1.00 99.7 1.00 99.2 1.00 99.1 0.99 99.2 
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Table (5.3) shows the results of a 10 fold cross validation on Dataset1. Random Forests 

and SVM also showed the best percentage accuracies of 99.2% and 100.0% respectively. AUC of 

1.00 was shown by both algorithms using R2. Decision Trees gave 99.4% using R2 and AUC of 0.99, 

Naïve Bayes showed 95.8% and AUC of 0.98 using R1. 

 

Table (5.3) 10 fold cross validation results of dataset1 
dataset1 R1 

(AUC) 
R1  
% 

R2 
(AUC) 

R2 
% 

R3 
(AUC) 

R3 
% 

R4 
(AUC) 

R4 
% 

R5 
(AUC) 

R5 
% 

Naïve 
Bayes 

0.98 95.8 0.99 98.2 0.82 75.2 0.76 66.8 0.82 67.2 

SVM 1.00 100.0 1.00 100.0 1.00 100.0 1.00 99.2 0.99 99.8 

J48 0.97 97.7 0.99 99.4 0.93 92.2 0.93 97.4 0.94 93.6 

Random  
Forest 

0.99 98.3 1.00 98.9 1.00 98.6 0.99 97.6 0.9 99.2 

 

 

The project used the Spark framework to validate the results, two classification 

algorithms were used; Decision Trees and Random Forests to perform 10 fold cross validation. 

Albyrak and dataset1 showed accuracies of 100%. Using R2. Tables (5.4) and (5.5) below show the 

results of the 10 fold cross validation. 

 

Table (5.4) 10 fold cross validation dataset1 Spark framework 
Dataset 1 R1% R2% R3% R4% R5% 

Decision Tree 98.6 100.0 87.9 98.5 98..1 

Random Forest 98.4 100.0 92.4 96.5 98.4 

         

 

Table (5.5), 10 fold cross validation Albyrak dataset, Spark framework 
Albyrak dataset R1% R2% R3% R4% R5% 

Decision Tree 88.7 100.0 100.0 94.2 97.1 

Random Forest 95.4 100.0 100.0 100.0 97.2 
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To build a machine learning classifier and mimic the real world situation, the two datasets 

were combined and an 80/20 split was applied using both the Spark farmework and Weka. This 

test was done on reduced alphabet 1 only using Weka. An accuracy of 98.1% was achieved on R2 

using Decision Trees and 97.0% using Random Forests also on R2 (by the Spark framework). 

Random Forests gave 98.3% and SVM gave 100.0% using R1 (by Weka). 

 

 
Table (5.6), 80\20 split, Spark framework 

80/20 split 
Spark framework 

R1% R2% R3% R4% R5% 

Decision Tree 
 

92.4 98.1 87.2 96.6 87.9 

Random Forest 
150 trees 
 

95.9 97.0 92.9 93.2 90.3 

 
 

Table (5.7), 80\20 split Weka 
80/20 split  
weka software 

R1 
% 

Naïve Bayes 73.4 

SVM 100.0 

Random forests 98.3 

Decision Trees 95.1 

 

 

Using the Spark framework on dataset1, using only one reduced alphabet (R1), a 60/40 

split was created. A 40/60 split was also created on the same dataset1, this process was repeated 

5 times to ensure accuracy. In a 60/40 split, accuracies of 98.5% were obtained using Decision 

Trees, and 98.8% Using Random Forests. In the 40/60 split, Decision Trees showed an accuracy of 

97.8% and Random Forests showed ab accuracy of 98.3%.  
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Table (5.8), 40/60 &60/40 split 
60/40  % 1 2 3 4 5 

Decision Tree 97.5 94.5 98.5 
 

97.7 
 

96.3 
 

Random Forest 97.5 
 

97.5 
 

98.5 98.8 
 

96.7 
 

40/60 % 1 2 3 4 5 

Decision Tree 95.8 
 

96.6 
 

96.4 
 

97.5 
 

97.8 
 

Random forest 97.9 
 

98.4 
 

98.0 
 

97.7 
 

98.3 
 

 

This study used 334 protein sequences for each mesophilic and thermophilic proteins in 

dataset1 to plot a learning curve.  A subset of the protein sequences was extracted starting with 

30 protein sequences of each type, so the file contained 60 protein sequences, then 30 more 

protein sequences were added from each type until 334 protein sequence is reached. Figure (5.2) 

below shows the results of the learning curves. The graph shows the percentiles against the 

number of protein sequences.  

The SVM showed a constant accuracy with all subsets. Random Forests improved the 

accuracy in a slow pace until it became constant. Naïve Bayes initially had a high accuracy which 

decreased, then improved again gradually. Decision Trees showed constant accuracies at the first 

two subsets then the accuracies started to increase gradually. Naive Bayes converged to a high 

accuracy slower than the other three algorithms. 
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Figure (5.2), Learning curve 

 

Protein features are the log likelihood frequencies calculated for each n-gram. The protein 

class is the letter that identifies weather the protein is thermophilic or mesophilic, T represents 

thermophilic and M represents mesophilic. Table (5. 10) below shows a small section of one of 

the dataset files for clarification. 

Data randomization was performed on dataset1 twice, randomization was performed 

once on the protein class and once on the protein features separately, after randomization the 

data was again cross validated with the four machine learning algorithms using Weka. The 

randomization was carried out as a test to validate the training.  The results are shown in tables 

(5.9) below. 
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Table (5.9), Randomized protein class 
   Randomized Features                   Randomized Protein class 

 % AUC % AUC 

Naïve 
Bayes 

51.1 0.51 54.5 0.69 

Decision 
Trees 

54.0 0.54 57.9 0.72 

Random 
Forest 

58.0 0.64 58.9 o.73 

SVM 56.2 0.55 62.9 0.79 

 

 
 
 
 
 

Table (5.10), showing a small section of a dataset excel file 
 

No.of 

sequences 

Protein 

Features   

  Protein 

Class 

 
UUU BBB JJJ 

- -  

1 
0.014766 -0.03801 0.216727 

- - M 

2 
-0.0608 0.100845 0.095035 

- - M 

3 
0.017161 -0.12143 0.19271 

- - M 

- 
- - - 

- - - 

- 
- - - 

 - - 

- 
- - - 

- - - 

- 
- - - 

- - - 

- 
- - - 

- - - 

- 
- - - 

- - - 

- 
- - - 

- - - 

666 
-0.3907 0.272371 0.334011 

- - T 

667 
-0.34269 0.211386 0.313136 

- - T 

668 
0.04346 -0.19187 0.231782 

- - T 
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Chapter Six: Biological Significance 
 
 
 

 In this project Decision Trees were used to differentiate between thermophilic 

and mesophilic proteins. Subsets of dataset1 were used to create 3 Decision Trees for each 

reduced alphabet. Subset 1 contains 30 tri-gram protein frequencies from each protein class, the 

second contains 150 and the third contains 300. A description of each Decision Tree is provided 

for the first reduced alphabet 1 only. The n-grams that were used by the Decision Trees can give 

us an idea of the patterns of n-grams that were used by the Decision Tree to classify thermophilic 

proteins. 

Reduced alphabet one (RA1) Decision Trees: 

30 mesophilic/ 30 thermophilic 

UBJ <= -0.010516:  M (28.0) 

UBJ > -0.010516 

|   JBB <= -0.12746:  M (2.0) 

|   JBB > -0.12746:  T (30.0) 

 

Only two tri-grams UBJ and JBB appeared in this decision tree and based on their values 

the type of protein was determined. If UBJ values are less than or equal -0.0105 then the protein 

is a mesophilic. If UBJ is greater than -0.0105 and JBB values are less than or equal -0.127 then it 

is also a mesophilic protein. If UBI values is greater than -0.0105 and JBB values are greater than 

-0.127 then it is a thermophilic protein. 
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R1: 

150 mesophilic /150 thermophilic: 

UBJ <= 0.003968 

|   UUU <= -0.254454 

|   |   BJU <= 0.030803:  T (2.0) 

|   |   BJU > 0.030803:  M (7.0) 

|   UUU > -0.254454:  M (120.0) 

UBJ > 0.003968 

|   BBJ <= 0.076812 

|   |   JUJ <= 0.138844 

|   |   |   JJJ <= -0.202396 

|   |   |   |   UBJ <= 0.031445:  M (2.0) 

|   |   |   |   UBJ > 0.031445:  T (6.0) 

|   |   |   JJJ > -0.202396:  T (137.0) 

|   |   JUJ > 0.138844 

|   |   |   JBU <= 0.036489:  M (3.0) 

|   |   |   JBU > 0.036489:  T (6.0/1.0) 

|   BBJ > 0.076812:  M (17.0) 

 

 

 

If UBJ is less than or equal 0.030803, UUU is less than or equal -0.2544 and BJU greater 

than or equal 0.030803 then the protein is a thermophilic protein. If UBJ is less than or equal 

0.030803, UUU is less than or equal -0.2544 and BJU is greater than 0.030803 then the protein is 

a mesophilic protein. 

If UBJ is less than or equal 0.030803 and If UUU is greater than 0.254454 then the protein 

is a mesophilic protein. If UBJ is greater than 0.003968, BBJ less than or equal 0.0768, JUJ less than 

or equal 0.1388, JJJ is less than or equal -0.20239 and UBJ is less than or equal 0.031445 then the 

protein is a mesophilic protein. 

If UBJ is greater than 0.003968, BBJ less than or equal 0.0768, JUJ less than or 

equall0.1388, JJJ is less than or equal -0.20239 and UBJ is greater than 0.031445 then the protein 
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is a thermophilic protein. If UBJ is greater than 0.003968, BBJ less than or equal 0.0768, JUJ is 

greater than 0.138844, JBU is less than or equal 0.036 then the protein is a mesophilic protein. 

If UBJ is greater than 0.003968, BBJ less than or equal 0.0768, JUJ is greater than 

0.138844, JBU is greater than 0.036489 then the protein is thermophilic. If UBJ is greater than 

0.003968, and BBJ is greater than 0.0768 then the protein is a mesophilic protein. 

 

R1: 

300 mesophilic/300 thermophilic: 
JBU <= 0.014231:  M (264.0/1.0) 

JBU > 0.014231 

|   UBJ <= -0.001417:  M (18.0) 

|   UBJ > -0.001417 

|   |   BJB <= 0.093443 

|   |   |   JUJ <= 0.119824:  T (286.0/2.0) 

|   |   |   JUJ > 0.119824 

|   |   |   |   UBJ <= 0.010113:  M (2.0) 

|   |   |   |   UBJ > 0.010113 

|   |   |   |   |   UBB <= -0.093511:  T (11.0) 

|   |   |   |   |   UBB > -0.093511:  M (3.0/1.0) 

|   |   BJB > 0.093443 

|   |   |   BJU <= 0.03976:  T (4.0/1.0) 

|   |   |   BJU > 0.03976:  M (12.0) 

 

If JBU values are less than or equal 0.014231 then the protein is a mesophilic protein. If 

JBU values are greater than 0.014231 and UBJ is less than or equal -0.001417 then the protein is 

a mesophilic protein. 

If JBU values are greater than 0.014231 and UBJ is greater than -0.001417, BJB is less than 

or equal 0.093443 and JUJ is less than or equal 0.119824 then the protein is thermophilic protein. 

If JBU values are greater than 0.014231 and UBJ is greater than -0.001417, BJB is less than 

or equal 0.093443 and JUJ is greater than 0.119824 and UBJ is less than or equal 0.010113 then 

the protein is mesophilic. 
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If JBU values are greater than 0.014231 and UBJ is greater than -0.001417, BJB is less than 

or equal 0.093443 and JUJ is greater than 0.119824 and UBJ is greater than 0.010113 and UBB is 

less than or equal -0.093511 then the protein is thermophilic protein. 

If JBU values are greater than 0.014231 and UBJ is greater than -0.001417, BJB is less than 

or equal 0.093443 and JUJ is greater than 0.119824 and UBJ is greater than 0.010113 and UBB is 

greater than -0.093511 then the protein is a mesophilic protein. 

If JBU values are greater than 0.014231 and UBJ is greater than -0.001417, BJB is greater 

than 0.093443 and BJU is less than or equal 0.03976 then the protein is a thermophilic. If JBU 

values are greater than 0.014231 and UBJ is greater than -0.001417, BJB is greater than 0.093443 

and BJU is greater than 0.03976 then the protein is a mesophilic. 

 

Reduced alphabet two (R2) decision trees: 

 

 

 

 

 

 

 

 

 

 

 

30 mesophilic/ 30 thermophilic 
JBU <= 0.013619:  M (29.0) 

JBU > 0.013619:  T (30.0/1.0) 

150 mesophilic /150 thermophilic: 
UBJ <= 0.040778:  M (148.0) 

UBJ > 0.040778 

|   BJU <= 0.08037:  T (144.0) 

|   BJU > 0.08037 

|   |   UBJ <= 0.074085:  M (2.0) 

|   |   UBJ > 0.074085:  T (6.0) 



 

26 
 

R2: 

 

 

 

 

Reduced alphabet three (R3) Decision Trees: 

 

 

 

 

 

 
 
 
 
 
 
 
 

300 mesophilic/300 thermophilic: 
UJB <= 0.038119:  M (293.0) 

UJB > 0.038119 

|   JUB <= 0.038948:  T (286.0) 

|   JUB > 0.038948 

|   |   UJB <= 0.068354:  M (8.0) 

|   |   UJB > 0.068354:  T (14.0) 

30 mesophilic/ 30 thermophilic: 
BUB <= -0.000689 

|   JJJ <= -0.011199:  T (28.0) 

|   JJJ > -0.011199:  M (10.0/1.0) 

BUB > -0.000689:  M (20.0/1.0) 
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R3: 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

150 mesophilic /150 thermophilic: 
UBJ <= 0.034667 

|   UJB <= -0.061631 

|   |   BUB <= -0.012197:  T (46.0/1.0) 

|   |   BUB > -0.012197 

|   |   |   JBU <= -0.081135 

|   |   |   |   JUJ <= -0.299008 

|   |   |   |   |   BUB <= 0.095113:  T (8.0/1.0) 

|   |   |   |   |   BUB > 0.095113:  M (9.0) 

|   |   |   |   JUJ > -0.299008:  M (37.0) 

|   |   |   JBU > -0.081135 

|   |   |   |   BJU <= 0.022493:  T (23.0) 

|   |   |   |   BJU > 0.022493:  M (3.0) 

|   UJB > -0.061631 

|   |   JBU <= -0.035459:  M (70.0) 

|   |   JBU > -0.035459 

|   |   |   UJB <= -0.033895:  T (6.0) 

|   |   |   UJB > -0.033895:  M (15.0) 

UBJ > 0.034667 

|   JUJ <= -0.027682:  T (47.0) 

|   JUJ > -0.027682 

|   |   JBU <= 0.012677 

|   |   |   BJU <= 0.04373:  T (2.0) 

|   |   |   BJU > 0.04373:  M (11.0) 

|   |   JBU > 0.012677 

|   |   |   BBB <= -0.148345:  T (20.0/1.0) 

|   |   |   BBB > -0.148345:  M (3.0/1.0) 
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300 mesophilic/300 thermophilic: 
JUJ <= -0.095236 

|   UBJ <= -0.004106 

|   |   UJB <= -0.079304 

|   |   |   JBB <= 0.027284:  M (17.0) 

|   |   |   JBB > 0.027284 

|   |   |   |   BBB <= 0.203184 

|   |   |   |   |   BJU <= -0.015239:  T (69.0) 

|   |   |   |   |   BJU > -0.015239 

|   |   |   |   |   |   BBB <= 0.083952:  T (7.0) 

|   |   |   |   |   |   BBB > 0.083952:  M (3.0) 

|   |   |   |   BBB > 0.203184 

|   |   |   |   |   UJB <= -0.122475:  T (4.0) 

|   |   |   |   |   UJB > -0.122475:  M (12.0) 

|   |   UJB > -0.079304:  M (75.0/1.0) 

|   UBJ > -0.004106 

|   |   JBB <= -0.051207 

|   |   |   UUU <= 0.380788:  M (6.0) 

|   |   |   UUU > 0.380788:  T (3.0) 

|   |   JBB > -0.051207 

|   |   |   JBU <= -0.057083 

|   |   |   |   BUB <= -0.001462:  T (9.0) 

|   |   |   |   BUB > -0.001462:  M (4.0) 

|   |   |   JBU > -0.057083:  T (116.0) 

JUJ > -0.095236 

|   UBJ <= 0.034667 

|   |   UJB <= -0.044451 

|   |   |   JBU <= -0.046834:  M (7.0) 

|   |   |   JBU > -0.046834:  T (6.0) 

|   |   UJB > -0.044451:  M (132.0) 

|   UBJ > 0.034667 

|   |   JUJ <= 0.029137 

|   |   |   UJJ <= 0.038464 

|   |   |   |   BJU <= 0.075332:  T (8.0) 

|   |   |   |   BJU > 0.075332:  M (3.0) 

|   |   |   UJJ > 0.038464:  T (53.0) 

|   |   JUJ > 0.029137 

|   |   |   UBJ <= 0.076179:  M (32.0/1.0) 

|   |   |   UBJ > 0.076179 

|   |   |   |   BBB <= -0.160021 

|   |   |   |   |   JUJ <= 0.186657:  T (17.0) 

|   |   |   |   |   JUJ > 0.186657 

|   |   |   |   |   |   JBJ <= 0.373095:  M (5.0/1.0) 

|   |   |   |   |   |   JBJ > 0.373095:  T (5.0) 

|   |   |   |   BBB > -0.160021:  M (7.0) 
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Reduced alphabet four (R4) Decision Trees: 

30 mesophilic/ 30 thermophilic: 
JBU <= 0.009082:  T (29.0) 

JBU > 0.009082:  M (30.0/1.0) 

 

150 mesophilic /150 thermophilic: 
BJU <= -0.017251:  M (119.0/1.0) 

BJU > -0.017251 

|   BUJ <= 0.006662:  T (128.0) 

|   BUJ > 0.006662 

|   |   BJU <= 0.01881:  M (30.0/1.0) 

|   |   BJU > 0.01881 

|   |   |   JBU <= 0.033726:  T (19.0) 

|   |   |   JBU > 0.033726:  M (4.0/1.0) 

 

 

 

 

 

 

 

 

 

 

Reduced alphabet five (R5) Decision Trees: 

 

30 mesophilic/ 30 thermophilic: 
BUJ <= -0.041141:  M (20.0) 

BUJ > -0.041141 

|   JBB <= -0.035734:  M (10.0) 

|   JBB > -0.035734:  T (30.0) 

 

300 mesophilic/300 thermophilic: 
BJU <= -0.019345:  M (202.0) 

BJU > -0.019345 

|   JBU <= -0.005434 

|   |   BJU <= -0.016859 

|   |   |   UBJ <= -0.027279:  T (10.0) 

|   |   |   UBJ > -0.027279:  M (3.0) 

|   |   BJU > -0.016859:  T (204.0) 

|   JBU > -0.005434 

|   |   BJU <= 0.012898 

|   |   |   JBU <= -0.002481 

|   |   |   |   UJB <= -0.001588:  M (5.0) 

|   |   |   |   UJB > -0.001588:  T (2.0) 

|   |   |   JBU > -0.002481:  M (75.0) 

|   |   BJU > 0.012898 

|   |   |   JBU <= 0.03197:  T (74.0/1.0) 

|   |   |   JBU > 0.03197 

|   |   |   |   BJU <= 0.045941:  M (12.0) 

|   |   |   |   BJU > 0.045941:  T (13.0/2.0) 
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R5: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

150 mesophilic /150 thermophilic: 

BUJ <= 0.008251 

|   UUU <= -0.385423 

|   |   BUJ <= -0.154041:  M (5.0) 

|   |   BUJ > -0.154041:  T (35.0/1.0) 

|   UUU > -0.385423 

|   |   UUU <= -0.129083 

|   |   |   JBU <= -0.044916:  M (23.0) 

|   |   |   JBU > -0.044916:  T (9.0) 

|   |   UUU > -0.129083:  M (85.0/1.0) 

BUJ > 0.008251 

|   UUU <= 0.188417:  T (80.0/1.0) 

|   UUU > 0.188417 

|   |   BUJ <= 0.104053:  M (26.0) 

|   |   BUJ > 0.104053 

|   |   |   JBB <= -0.034804 

|   |   |   |   BUJ <= 0.349082:  M (10.0) 

|   |   |   |   BUJ > 0.349082:  T (4.0) 
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300 mesophilic/300 thermophilic: 
BUJ <= 0.00441 

|   BBJ <= 0.03677 

|   |   JJJ <= -0.179776 

 

|   |   |   UUU <= 0.018321:  T (2.0) 

|   |   |   UUU > 0.018321:  M (6.0) 

|   |   JJJ > -0.179776:  M (129.0) 

|   BBJ > 0.03677 

|   |   JBU <= -0.072676 

|   |   |   BJU <= -0.128959 

|   |   |   |   BUJ <= -0.154041:  M (5.0) 

|   |   |   |   BUJ > -0.154041:  T (15.0) 

|   |   |   BJU > -0.128959:  M (33.0) 

|   |   JBU > -0.072676 

|   |   |   UUU <= -0.074944:  T (65.0/1.0) 

|   |   |   UUU > -0.074944:  M (9.0) 

BUJ > 0.00441 

|   JBB <= -0.009383 

|   |   JBU <= 0.156503:  M (75.0) 

|   |   JBU > 0.156503 

|   |   |   JBB <= -0.030091 

|   |   |   |   BUJ <= 0.247338:  M (20.0) 

|   |   |   |   BUJ > 0.247338 

|   |   |   |   |   BJB <= -0.089748:  M (4.0) 

|   |   |   |   |   BJB > -0.089748:  T (12.0) 

|   |   |   JBB > -0.030091:  T (40.0) 

|   JBB > -0.009383 

|   |   UBB <= 0.073347:  T (161.0/3.0) 

|   |   UBB > 0.073347 

|   |   |   UUU <= 0.206016:  T (5.0) 

|   |   |   UUU > 0.206016 

|   |   |   |   BUJ <= 0.113533:  M (16.0/1.0) 

|   |   |   |   BUJ > 0.113533:  T (3.0) 

 

 

In this project, differentiation between the two types of proteins was achieved using their 

amino acid sequences. The project used the n-grams that determined thermophilic proteins, using 

Decision Trees, to search for patterns that when present can be an indicator of thermophilic 

proteins. Table (6.11) shows the amino acids names and their one letter code. 
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Table (6.11), showing a list of amino acids and their one letter code 

 

G  Glycine  Gly         P  Proline  Pro 

A  Alanine  Ala         V  Valine  Val 

L  Leucine  Leu         I  Isoleucine  Ile 

M  Methionine  Met         C  Cysteine  Cys 

F  Phenylalanine  Phe         Y  Tyrosine  Tyr 

W  Tryptophan  Trp         H  Histidine  His 

K  Lysine  Lys         R  Arginine  Arg 

Q  Glutamine  Gln         N  Asparagine  Asn 

E  Glutamic Acid  Glu         D  Aspartic Acid  Asp 

S  Serine  Ser         T  Threonine  Thr 

 

Zeldovich (2007) discussed that certain amino acids determine the optimal growth 

temperature of thermophilic proteins, proving that IVYWREL combination is the best predictor of 

thermostability of membrane proteins. The study also explained that the increase of purine load, 

or A + G content with temperature is a thermal adaptation of proteins. Those amino acids were 

represented in this project decision trees in the form of tri-grams in different combinations of 

amino acids, those tri-grams were used by the decision trees to determine whether the proteins 

are thermophilic or not. All the mentions of amino acids were found in the n-grams used to 

discriminate between the different classes of proteins. 

Zhou (2008) presented some generalized features of the amino acid composition found 

in thermophilic proteins, including an increase in residue hydrophobicity, a decrease in uncharged 

polar residues, an increase in charged residues, an increase in aromatic residues. 

Branden (1991) performed amino acid classification which was represented in this project 

as reduced alphabet number three. Amino acids (AFVILPMG) are hydrophobic (H), (QLEKF) are 

charged (L) and (STYCNQHW) are polar (P). So translating the tri-grams in this reduced alphabet, 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Zeldovich%20KB%5BAuthor%5D&cauthor=true&cauthor_uid=17222055
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which was obtained from our Decision Trees, that were needed to determine the thermophilic 

proteins were as follows: (JJJ) which is (LLL), (BUB) = (HPH), (BJU) = (HLP), (UJB) = (PLH), (JUJ) = 

(LPL), (BBB) =( HHH) and (JBJ) = LHL). 

The count of the n-grams used by the reduced Alphabet three is shown in Table (6.11) 

below. The aim is to know the most frequently used n-grams by the trees in this reduced alphabet 

that helped in the discrimination between the two classes of proteins. 

As shown, as the number of proteins used to build the trees increased, the number of n-

grams used to discriminate between the two classes of proteins increased as well. In the subset 

that contained 30 proteins from each class (30/30), only two n-grams were used to discriminate 

between the protein classes JJJ and BUB. In the 150/150 subset the number of n-grams used 

increased to seven, UBJ, UJB, BUB, JUJ, JBU, BJU and BBB. Finally, in the 300/300 subset eleven n-

grams were used, JUJ, UBJ, UJB, JBB, BBB, BJU, UUU, JBU, BUB, JUJ, UJJ, and JBJ. The Only common 

n-gram used in the three Decision Trees was the BUB (HPH).  

According to the 150/150 Decision Tree, if BUB is less than -0.012197 and less than 

0.095113, the protein is thermophilic, if BUB is greater than 0.095113, then the protein is 

mesophilic. 

BBB was also common but only in 150/150 and 300/300 Decision Tress, it was used 2 and 

6 times respectively. In the 300/300 Decision tree, if BBB is less than 0.203184 then the protein is 

a thermophilic, if it is greater than 0.203184 then it is mesophilic. If BBB is greater than 0.203104 

UJB determines the protein classification. If BBB is less than -0.160021 the protein is likely 

thermophilic yet if BBB greater than -0.160021 the protein is mesophilic. 



 

34 
 

In the 30/30 Decision tree the JJJ was the n-grams that determined the classification. If JJJ 

is less than -0.011199 then the protein is thermophilic and if it is greater than --0.011199 then it 

is mesophilic.  

BJU was also used by the 150/150 and 300/300 Decision Trees to determine the protein 

class. In the 150/150 Decision Tree if BJU is greater than 0.022493 the protein is mesophilic, and 

if BJU is less than 0.022493 then the protein is thermophilic. 

In the 30/30 Decision tree the JJJ was the n-grams that determined the classification. If JJJ 

is less than -0.011199 then the protein is thermophilic and if it is greater than --0.011199 then it 

is mesophilic.  

It is clear that as the number of proteins increase, better learning occurs. This is because 

the more varied the examples fed to the system, the more useful patterns can be extracted. 
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Table (6.12), all the n-grams used by the Decision Trees on R3 

Only 8 n-grams that were not used by the Decision Trees are shown. 

 

N-grams 30/30 150/150 300/300 

PPP      2 

FFF   2 6 

LLL 2     

PFL   2 6 

PLF   4 6 

FLP   4 4 

FPL       

LPF       

LFP   4 6 

FPF       

PLP       

FPF 2 4 2 

FLF       

LPL   4 4 

LFL     2 

PFF       

PLL     2 

FLL       

FPP       

LPP       

LFF     3 
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  Chapter Seven: Discussion 
 
 
 

 This project differentiated between thermophilic and mesophilic proteins using 

n-grams and machine learning. 10 fold cross validation was performed on two datasets using 4 

different algorithms, Random Forests and SVM’s showed the best accuracies of 99.2% and 100.0% 

respectively. Area under the curve (AUC) of 1.00 was achieved by both algorithms using R2. A 

Decision Trees accuracy level of 99.4% was achieved using R2 and an AUC of 0.99, Naïve Bayes 

resulted in an accuracy level of 95.8% and AUC of 0.98 using R1. 

The two datasets were combined and an 80/20 split was performed then used with two 

algorithms; Decision Trees and Random Forests, resulting in accuracies of 98.1% and 97.0% 

respectively. 

The project formed 40/60 and 60/40 splits on dataset1, on reduced alphabet one only, 

the highest accuracy achieved was 100% by both Decision Trees and Random Forests. 

Reduced Alphabet number two (R2) showed the best accuracies of classification and the 

SVM was the best classifier. 

Based on Branden (1991) the classification of amino acids and the trees built using the 

Decision Trees classification algorithm, the study can conclude that the tri-grams of amino acids 

needed to determine if the protein is thermophilic are (HPH), (LLL), (HLP), (PLH), (LPL), (HHH) and 

(LHL). 
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The only work this project is aware of that used n-grams and reduced alphabets was done 

by Albyrak (2013), were the author used 12 reduced alphabets, in all of them the minimum size 

of the alphabet was 10 letters and the maximum was 19 letters. They used, 1, 2 and 3 n-grams, 

so the number of features they used in their classification were of a minimum of 10, 100 and 1000 

features and a maximum of 19, 361 and 6,859 respectively. To use machine learning for 

classification it is in many cases better to use a simplified model to shorten training time and to 

reduce overfitting. Their project best results were achieved using 1-grams since it has the smallest 

number of features. 

In this project three letter alphabets were used which means that the number of features 

in our model was 27. The small number of features simplified our model and made it easier to 

interpret, also better results that reached 100% were achieved. 

Several research papers have been authored in this area applying different approaches 

due to the significance and importance of the discrimination between the thermophilic and 

mesophilic proteins. 

Thermophilic proteins have been used in different important applications and different 

areas like electronics, agriculture, aquaculture, medicine, pharmaceuticals, food science, and 

nutrition. 

Achieving an automated, precise and cheap classification process provides a lot of 

significance to this project, along with the work that has been done in the past and the future 

work that will be done.    
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In future research, it would be significant to investigate different sizes of n-grams. Also to 

use the model to scan genomes of different species to identify thermophilic proteins and 

formalize the patterns that will help design thermophilic proteins 
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