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1. Introduction 

 
The number of bacterial cells (1014) inhabiting in an average healthy adult human body is 

estimated tenfold more than human cells (1013) [1][2] and the number of existing 

microbial species in the world is estimated at 107 to 109 [3]; Therefore, they play a pivotal 

role not only in Human life but also the whole life on Earth. Over 99% of microorganisms 

in our planet are not cultivable in vitro or require a long and difficult cultivation period 

[4]; therefore, how can we discover these unseen occupiers of our body and our planet? 

What is the appropriate solution for the rapid identification of these best Friends and the 

worst enemies? 

Polymerase Chain Reaction (PCR) is a quick, easy, and inexpensive laboratory technique 

to amplify a single copy or a few copies of a small fragment of target DNA (the template) 

to unlimited copies. PCR can synthesize any particular piece of DNA. 

The invention of the PCR technology provided a new era of studying uncultivable 

microorganisms, but there was still a long way ahead. PCR has some limitations. 

1- Amplification inhibitors such as detergents, antibiotics, enzymes, polysaccharides, 

fats, proteins, and salts can reduce the amplification efficiency [5] 

2- PCR is a highly sensitive; any form of contamination of the sample can produce 

false positives or false negative results [6]. 

3- Another limitation of PCR is the length of the fragment that can be amplified. PCR 

works well over short stretches of DNA up to about 2 kbp. 

4- PCR can only be used to identify the presence or absence of a known pathogen or 

gene [7]. 

5- PCR cannot be used to identify species in complex communities. 

Later with emerging the microarray approaches, identifying uncultivable microorganisms 

entered into a new stage. The microarray is the combination of a very large set of distinct 

probes attached to a solid structure (Glass slides). Probes are small fragments of sequences 
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which are complementary to a pathogen-specific gene sequence [8]. According to the 

reports, microarray techniques bring the possibility of species identification or detecting 

and diagnose of various bacterial samples at the same time with main advantages of high 

throughput, parallelism, miniaturization, speed, and automation. 

Microarray has been limited to a small set of functional genes such as 16S rRNA genes 

and it is not a suitable approach to investigate the uncultivable majority of the species in 

the environment [8]. 

With respect to remarkable abilities of PCR and microarray approaches, they are not 

enough powerful for studying complex environmental and clinical samples which contain 

hundreds or thousands of different species. 

With the advancement of Next-generation sequencing (NGS) which is a combination of 

massively parallel sequencing technologies besides PCR and microarray techniques, 

considerable progress has occurred not only in the phylogenetic and functional analysis of 

microbial communities but also in their affiliated science, significantly. It is a culture-free 

method that enables analysis of the entire microbial community within a sample. It has the 

ability to combine many samples in a sequencing run.  

16S ribosomal RNA (16S rRNA) gene with about 1500 bp length is part of DNA and 

generally contain nine “hypervariable regions” (V1 – V9) that represent considerable 

sequence diversity among different bacterial species and can be used for species 

identification [9]. 

16S rRNA is the most common standard culture-free approach which is currently used for 

taxonomic assignments, bacterial identification, and studying bacterial diversity in 

ecology and clinical microbiology [10]. It is also used to design the primers for 

Polymerase Chain Reaction (PCR) and probes for microarray studies.  

There are a considerable number of publications about limitations of 16S rRNA gene:  

The major limitation is that the copy numbers of 16S rRNA per genome vary from 1 up to 

15 or more copies [10][ 11]. Therefore, the amount of 16S rRNA variants is estimated to 
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be 2.5-fold greater than the number of bacterial species [10][12]. Moreover, 16S 

sequences of the same species or even the same genome are often different [10]. 

The ambiguous and incorrect identity of species and also the artificial classification of an 

organism into more than one species can be led by divergent evolution of rRNA genes 

[13]. This problem can be solved in cultivable species by cloning rRNA genes from the 

pure culture of that species to identify the degree of variation [13]. As mentioned above, 

more than 99% of species are culture-independent, so in a complex and mixed community 

of microorganisms, sequence heterogeneity of 16S rRNA within a single genome can lead 

overestimation of microbial diversity [12]. 

Short reads as the output of the Next-generation high-throughput sequencing technology 

are very noisy and partial, with too many missing parts. Moreover, most of the reads from 

recent NGS platforms are too short in length [12], thus, de novo assembly is required in 

order to make longer sequences. It may represent an extra limitation to use 16S rRNA 

fragments for taxonomic assignments. It can be argued that in the case of reads with the 

short length, 16S rRNA is more efficient to identify a higher level of taxonomic 

assignments such as phyla, classes, orders, families, and genera than species or strains 

[14]. 

As an example, Escherichia coli is a bacterial species with several strains. Some of these 

strains have nearly similar 16S rRNA-encoding genes but have very dissimilar functional 

capabilities [15]. 

The application of next-generation sequencing technologies has provided a set of technical 

innovation called “Metagenomics” as a culture-free method to study the genetic content of 

all organisms in a community obtained directly from their natural environment 

Debility of 16S rRNA to identify and especially rapid identification of microorganisms in 

the metagenomics reads is more visible. 

This doctoral research is intended to answer the following questions: 
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1. What is the proper alternative alignment-free method for rapidly identifying the 

species and strains from raw read sequencing data? 

2. What is the proper method of finding DNA signatures (alternative agents) from 

genome databases? 

3. What is the proper method of short reads classification? 

4. What is the proper method to use less computational resources? 

The key contribution of this research is the development of an alternative fast and cost-

effective method to allow identifying species and strains from raw read metagenome 

sequencing data, regardless of aforementioned limitations and without further processes 

such as assembling and alignment.  

This method involves two pipelines with multiple stages and complex computerizes 

applications such as Hadoop and Hive in a cluster of low-cost nodes, using parallel and 

distributed computing. The second contribution of this research has tended to develop the 

required applications with the automated process in order to facilitate the method to be 

applicable to the entire research community. 

The motivation behind this research is developing alignment-free approaches, not only to 

shortcut identification into a quick and accurate process using parallel and distributed 

computing on commodity hardware, but also for other purposes in bioinformatics and 

metagenomics studies such as the accurate estimation of microbial community 

composition based on metagenomics sequencing data, the alignment and assembly of 

short reads, and other Next-generation sequencing analysis. 

 

2. Proposed Methods 

2.1. Proposed Method of DNA Signature Discovery 

There are two common types of sequence-based identification methods, the alignment-

based and the alignment-free methods. The inability of alignment-based approaches for 
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rapid identification purposes caused a necessity for shifting into alignment-free 

approaches as an alternative method. 

Among the alignment-free approaches, the most popular option is to use marker genes 

such as the 16S rRNA gene. We discussed the limitations of using this gene for the 

analysis of complex metagenomics sequencing data.  

In this research, we proposed using DNA signature as an alternative fast and cost-effective 

method to allow a rapid identifying the species and the strains from raw read 

metagenomics sequencing data, regardless of aforementioned limitations. 

DNA signature is a short k-mer oligonucleotide fragment with an arbitrary length k, which 

is unique or specific to a particular group of species selected from a target genome 

database. There are two categories of unique and common signatures according to the 

purpose of usage. The presence of a unique DNA signature in any volume of sequences 

and genetic materials represents the existence of the corresponding species. Therefore, 

signature discovery is the action of finding specific fragments of the genome in a database 

[16]. Any pipeline, application or algorithm which is designed for DNA signature 

discovery, has to detect an entire database or multiple databases recursively. The 

procedure varies according to the purpose of using DNA signatures. It has already been 

used, to design primers and probes for PCR and microarray assays. 

A major advantage of the use of DNA signatures is the gene-independent and alignment-

free nature of this approach [17]. DNA signatures are well suited to the analysis of the 

sequences with lacking a robust estimate of phylogenetic relationships and to the analysis 

of complex sequences such as metagenomics sequences that alignment-based methods 

often perform poorly [18]. Sequence analysis of high-throughput technologies with DNA 

signature is easier than the other methods. The number of DNA signatures and their 

specificity increase with adding the length of signature. It causes a wide flexibility of 

using the method. 

Regarding a large number of DNA signatures in different species and the possibility to 

choose arbitrary lengths of them for identification, this approach is suitable not only for 
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PCR and microarray-based assays but also has great potential for next-generation 

sequencing analysis. The flexibility to choose targeted and non-targeted databases and an 

arbitrary length of signatures are other advantages that allow reducing the cost of 

sequencing by lower-coverage sequencing. Since the length of signatures is short, the size 

of the reads does not a serious matter. 

Due to the large size of databases, most existing methods of DNA signature discovery 

require significant computational resources; they are not applicable to the entire research 

community. A large amount of RAM and CPU capacity and long execution times are 

major limitations of most of the methods that are based on pattern comparison and 

pairwise alignment of the genomes. The determination of the mismatch tolerance level as 

a discovery condition also influences the results.  

In some cases, it is necessary to load the whole dataset into the main memory for 

searching for unique or common signatures. When the size of the data exceeds the 

available memory, the execution will fail. For the sequential algorithms, increasing the 

number of CPU cores does not increase the discovery efficiency of the algorithm. Another 

limitation for most of the existing methods is the lack of efficiency to find both unique and 

common signatures simultaneously. Most of them are capable of finding only DNA 

signatures of a single genome. Another limitation of some of these methods is the lack of 

the possibility to select an arbitrary length (k) for the signatures.  

The additional challenge as another major limitation for DNA signature discovery 

methods is the lack of option in the choice of targeted and non-targeted genome databases.  

To overcome the aforementioned challenges of DNA signature discovery, we proposed 

our method as a powerful pipeline. The pipeline HTSFinder (High-throughput signature 

finder) [16] has been designed in order to enhance the usability of DNA signatures for 

massively high-throughput sequencing analysis. 

The pipeline HTSFinder has significant advantages compared with the existing DNA 

signature discovery pipelines and algorithms. 
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• First, HTSFinder is capable of detecting all unique, common, and maximal group 

coverage signatures of the entire database or multiple databases simultaneously.  

• Second, it becomes possible to select target and non-target genome databases, based 

on user requirements. For instance, we have the ability to use both forward and 

reverse-complement genome sequences of a database for detecting DNA signatures.  

• Third, the pipeline can consider either a cluster of low-cost computer nodes that are 

commonly available in research facilities or a high-performance computer (HPC).  

• Finally, the flexibility of the different phases of the pipeline makes it suitable for 

other Bioinformatics and metagenomics studies such as Next-Generation 

Sequencing (NGS) analysis.  

HTSFinder consists of three computational phases as shown in Figure 1. This pipeline 

generates all the possibilities of k-mers for every genome individually and then determines 

their frequency in the entire database. Finally, DNA signatures of every species or strain 

are obtained in the database or multiple databases that have been involved in the pipeline. 

HTSFinder implements the parallel and distributed computational tool Hadoop for the 

second and third phases. 

 
Figure 1. The three main phases of HTSFinder for detecting DNA signatures. We can 

repeat the second phase with the obtained results if required 
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The first phase of the pipeline is carried out by GkmerG (Genome k-mer Generator) that is 

a software designed to obtain all the possibilities of k-mers of genome sequences with 

FASTA format (*.fna or *.fa).  

Figure 2 illustrates the split of the genome by GkmerG. Concatenating the files, sorting k-

mers and removing all duplicates except one are the last steps of GkmerG. For the species 

with multiple chromosomes and some bacterial genomes that are comprised of multiple 

chromosomes and plasmids, GkmerG concatenates them into a single file before sorting at 

the end of the first phase.  

 

Figure 2. Splitting of the genome by GkmerG for k = 18 to get all the possibilities of 18-

mers. Generating k-mers for a single genome with GkmerG includes purgation, splitting, 

concatenation, cleaning, sorting, and removing duplicate except one. The output of 

GkmerG is a file containing k-mers of a genome in a single column. The labels above the 

file numbers in this figure represent the beginning of four k-mers in the head of files. 
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The output of GkmerG is the input for the second stage of the pipeline. For designing this 

software, the method of splitting genome sequence to all the possibilities of k-mers is 

inspired from De Bruijn graph. It is an efficient way to represent all the possible k-mers 

(subsequences of length k) of a sequence. These types of graphs are important because of 

their usefulness in the reconstruction of genomic sequences and are used in most of the 

applications for de novo assembly of short reads. The n-dimensional Bruijn graph of “m” 

characters is a directed graph representing overlaps between sequences of characters. The 

graph has mn vertices consisting of all possible k-mers of the given sequence of characters 

present in the reads sequence. For example, given the alphabet comprising A, T, G and C, 

there are 43 = 64 nucleotides of length k=3 [19]. In a string with length S, The amount of 

all possible k-mers is {S – k + 1}. As an example in Figure 3 the length of the sequence is 

S = 17, therefore the amount of all the possibilities of k=7 are:            S – k + 1 = 17 – 7 + 

1 = 11 

 

Figure 3. An example of de Bruijn graph. 

In the second stage of the pipeline, we used the Hadoop framework and WordCount 

program to count the frequency of k-mers in very large genome datasets. The result of this 

stage is a large file containing sorted and a non-duplicate list of k-mers obtained from all 

the genomes generated in the first step. In the second stage, we can extract all unique 
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signatures or group-specific signatures due to the frequency, but we cannot determine the 

owner of the signatures. For instance, the 18-mer with frequency=8 in the first row of 

Table 1 means that this 18-mer occurs in 8 genomes among the 2,773 bacterial ones, while 

the 18-mer in the fourth row is a unique signature in the database. 

 

Table 1. An example of Hadoop and WordCount results in the second stage. 

Signatures or 18-mers Frequency in the 
database 

AAAAAAAAAAAAAAAGAG  

AAAAAAAAAAAAAAAGAT  

AAAAAAAAAAAAAAAGCA  

AAAAAAAAAAAAAAAGCC  

AAAAAAAAAAAAAAAGCG  

AAAAAAAAAAAAAAAGCT  

AAAAAAAAAAAAAAAGGA  

AAAAAAAAAAAAAAAGGC  

AAAAAAAAAAAAAAAGGG  

AAAAAAAAAAAAAAAGGT  

 

The input for the third phase of the pipeline is the output of the first and second phases. In 

the third phase of the pipeline we use Apache Hive and HiveQL queries in order to extract 

all the unique signatures of a specific species in the database or extract group-specific 

signatures which are common between 2, 3, 4, etc. Hive lets the user process large datasets 

with relatively little effort and in a reasonably short time. This research proves the 

efficiency of Hive to handle querying on billions of rows in a table or multiple tables. Due 

to the flexibility of querying in Hive, there are various ways to create the tables and design 

the queries in the third stage. Optimization techniques are very effective for reducing the 

time-consumption and computational resource usage in a Hadoop cluster. Running time, 

CPU usage, memory usage, and speed of disk reading of the nodes are the subjects of 

optimization in a Hadoop cluster. 

The final output of this pipeline is a table containing the signatures with the desired length 

and the reference number that indicate the owner of the signature. The pipeline can handle 

very large data sets (e.g. 287.85 GB data in a single run). 
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2.2. Proposed Methods of Short Reads Classification 

In this doctoral research, we have proposed two different methods of short reads 

classification for matching the DNA signatures, reads, and their related species. Unlike the 

other existing methods that have focused on the speeding up the process using High-

performance computers or large cluster of nodes, our goal is to process the huge analysis 

using ordinary desktop computers that are available everywhere with the aid of parallel 

and distributed computing. 

 

2.2.1. The First Proposed Reads Classifier Based on Bitmap Indexes and NoSQL 

In this method, we use optimization techniques borrowed from database technology, 

namely bitmap indexes. They are used to speed up searching and matching of billions of 

DNA signatures in the short reads of thousands of different microorganisms, using 

commodity High-performance computing, such as Hadoop MapReduce and Hive [20]. 

Bitmap Index is an efficient way to speed up the queries and improve performance in data 

warehouse environments, which contain tables with low cardinality columns. As the 

example given in Table 2, we index the values of the column Grade having low 

cardinality. In this case, our index has the same number of rows and the number of 

columns is equal to the number of distinct values in column Grade. In Table 2, the 

cardinality of the column Grade is 4 because we have 4 different values in it. 

Table 2. An example of a bitmap index defined on Grade column. 

RID Name Nationality Grade  RID A B C D 

1 John FRANCE B  1 0 1 0 0 

2 Sara USA D  2 0 0 0 1 

3 Piter RUSSIA C  3 0 0 1 0 

4 David ENGLAND A  4 1 0 0 0 

5 Tania GERMANY B  5 0 1 0 0 

6 Daniel POLAND A  6 1 0 0 0 

7 Tom CANADA C  7 0 0 1 0 

8 Robert ITALY C  8 0 0 1 0 

9 Jain FRANCE D  9 0 0 0 1 
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Bitmap index techniques are used to create the index table by searching the existence of 

signatures in short reads. '1' represents the existence of the signature in the short reads and 

'0' represents non-existence. This process is done with Java programming.  

Table 3 is an example of the created index table with keeping every bacterium as a 

column. We store '1' if any signature of the bacteria exists in a short read, '0' if not. 

 

Table 3. AŶ exaŵple of iŶput taďle for Hiǀe. EaĐh ĐoluŵŶ of ͞Ϭ͟ aŶd ͞ϭ͟ is oǁŶed by a 

specific species. The first 2 columns represent the reads and their identification numbers. 

1 R1 0 0 0 1 0 
2 R2 1 0 0 0 0 
3 R3 0 0 0 1 0 
4 R4 0 0 0 0 0 
5 R5 0 0 1 0 0 
6 R6 0 0 0 0 1 

7 R7 1 0 0 0 0 
8 R8 0 0 0 0 0 
9 R9 0 0 0 0 0 

10 R10 1 0 0 0 0 
 

Although in this method, the running time of the queries is very short; constructing the 

index files for each bacterium is time-consuming. This problem becomes more visible 

when a large number of bacterial species are considered (such as the real metagenomics 

samples). Therefore, we were motivated by the need to make an extra effort to come up 

with better and more creative solutions to address this problem.  

 

2.2.2. The Second Proposed Reads Classifier Based on SRIdent Pipeline 

This pipeline is based on generating k-mers from the short reads and searching the 

existence of DNA signatures in the Reads k-mers, by using Apache Hive data 

warehousing. RkmerG (Read k-mers Generator) is a software presented in this study, for 

producing k-mers of the short reads.  
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The SRIdent pipeline [21] consists of two computational stages. Data preparation is the 

first stage which is done by RkmerG. DNA signatures with specific length (k) of every 

individual known species and short reads generated by sequencing technologies are two 

types of data that are used in this pipeline. Figure 4 described the algorithm of RkmerG. 

 

Figure 4. RkmerG algorithm. (r=Short read, n=Total number of reads, k=Length of mers, 

i=each of the lines (reads) that is copied from a single short read for k times, illustrated in 

figure 15.) 

 

In the final output of this pipeline, we can find the signature, the owner of the signature, 

and the short read containing the signature. In fact, we can classify the reads according to 

the appearance of the signatures in reads. In the other word, we can find the species 

presented in the raw reads sequencing samples. 
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2.3. Computational Resources of the Proposed Methods 

Although a dramatic reduction in the cost and the time-consumption of sequencing 

technologies have led the applicability of them as a routine tool for diagnostic and public 

health microbiology, the computational analysis is still a barrier. Using less computational 

resources was a primary goal in this research; therefore, in the proposed methods we have 

applied parallel and distributed computing on commodity hardware to achieve this goal. 

Table 4 contains the computational resources used by existing methods that are using the 

same data format with HTSFinder and SRIdent [16][21]. As it is shown in this table we 

could process the analysis with ordinary cheap computers. 

 

Table 4. CoŵparisoŶ of the ĐoŵputatioŶal resourĐes of our tǁo pipeliŶes ǁith the 
existiŶg ŵethods. 

Name Data 

Format 

adopted Platform according to the publication  

TOFI FASTA 64 x 1.5 GHz Itanium 2 processors running on Linux with 64 GB of 
shared memory 

TOPSI FASTA 98-cores Linux cluster 
Insignia FASTA 192-node Linux cluster 

Kaiju FASTA HP Apollo 6000 System ProLiant XL230a Gen9 Server, with two 64-
bit Intel Xeon E5-2683 2 GHz CPUs (14 cores each), 128 GB DDR4 
memory  

Kraken FASTA 48 AMD Opteron 6172 2.1 GHz CPUs and 252 GB of RAM, running 
Red Hat Enterprise Linux 5. 

CLARK FASTA Dell PowerEdge T710 server, dual Intel Xeon X5660 2.8 GHz, 12 
cores, 192 GB of RAM 

HTSFinder 
Multi-nodes 

FASTA The master node: Intel Core2 Quad CPU Q6600 at 2.40 GHz and 8 
GB of RAM and 6 slaves Intel Core i3-2100 CPU at 3.10 GHz with 4 
GB of RAM for each. 

SRIdent 
Multi-nodes 

FASTA The Master node and 4 Slave nodes. All with 4 GB of RAM, Intel 
Core i3- 2100 CPU at 3.10GHz 
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3. Suggestions and Future Works 

The overriding purpose of this research was to overcome the limitations in the 

computational analysis of rapid diagnostic, identification, and characterization of species 

and infectious pathogens from raw reads sequencing data, in particular, complex 

metagenomics data. This research has focused on 2 main primary goals: 

1-  Proposing a fast, flexible, and independent alignment-free method for real-time 

identification of microorganisms from High-throughput sequencing reads. 

2- Reducing the cost and time-consumption of the computational resources by the use 

of parallel and distributed computing and related optimization techniques, in order 

to utilize ordinary desktop computers for Big Data analysis.  

We believe that the ability to use sequencing technologies and their related analysis as a 

routine process in the medical and biological laboratories will revolutionize the medical, 

biological and environmental science in the near future. 

Developing automated and powerful software and applications regarding the goals of this 

research are strongly suggested. 
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