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Abstract 
Because the identification of RNA interaction partners for each long noncoding RNA (lncRNA) has proven 
to be a powerful approach for inferring lncRNA functions, numerous tools have been developed to predict 
lncRNA–RNA interactions. However, their application at the transcriptome scale has been hindered by 
high computational costs. In this chapter, we introduce pRIblast, a hybrid MPI/OpenMP implementation 
of the RIblast algorithm designed for large-scale lncRNA–RNA interaction analyses. pRIblast leverages 
cluster environments and supercomputing facilities to reduce the computational costs of these studies 
dramatically. Moreover, pRIblast has been thoroughly optimized, and it can take on huge datasets that were 
impossible to analyze with the former RIblast algorithm. 

Key words lncRNA, lncRNA–RNA interaction, Transcriptome-scale analysis, High-performance 
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1 Introduction 

Long noncoding RNAs (lncRNAs) are transcripts with no less than 
200 nucleotides in length and no protein-coding capacity. Even 
though lncRNAs were first regarded as transcriptional noise, 
mounting evidence now suggests that these sequences do have 
functions and that, indeed, lncRNAs play a key role in many 
biological processes [1]. For instance, lncRNA regulates gene 
expression [2], immune response [3], and cell cycle [4]. 

Although more than 58000 lncRNA genes are encoded by 
the human genome [5], the vast majority of them are still poorly 
characterized [6]. And what is worse, the dysfunction of many 
lncRNAs has been associated with severe diseases, such as cardiac 
pathologies [7], several types of cancer [8, 9], or Parkinson’s 
[10]. Thus, elucidating lncRNA functions is a hot research topic 
today. 
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lncRNAs lack sequence and structure conservation [11]. There-
fore, sequence similarity search and RNA secondary structure 
search, while they have achieved success in characterizing the func-
tion of protein-coding genes and small RNAs [12, 13], are unsuit-
able for inferring the functions of lncRNAs. In contrast, because 
lncRNAs work by being assembled with other proteins or RNAs 
[14], the identification of interaction partners for each lncRNA has 
proved to be a successful approach for characterizing the functions 
of lncRNAs [15, 16]. 

Several sequencing-based technologies have been developed 
for the experimental discovery of RNA–RNA interactions. These 
include RIA-seq [17] and RAP-RNA [18], which are able to 
exhaustively detect interaction targets of specific lncRNAs. Repeat-
ing these experiments across many lncRNAs, however , is very labor 
intensive. On the other hand, there exist methods, such as PARIS 
[19] and SPLASH [20], that can comprehensively identify RNA– 
RNA interactions in vivo. Nonetheless, these techniques have 
found the most success identifying interactions of ribosomal 
RNAs and small RNAs. Furthermore, lncRNAs show tissue-specific 
expression patterns [5, 11], meaning that these experiments should 
be conducted on various tissues to provide extensive results, which, 
again, requires hard work. 

Since the detection of large-scale lncRNA–RNA interactions 
through experiments is impracticable, computational prediction 
has emerged as an indispensable technique. Several tools and pro-
cedures have been developed with the sole purpose of predicting 
RNA–RNA interactions [21, 22], aiming to further progress in the 
characterization of lncRNA transcripts. For instance, Szcześniak 
and Makałowska predicted lncRNA–RNA interactions across the 
human transcriptome using sequence similarity search without 
consideration of the RNA secondary structure [23]. Nevertheless, 
benchmarking results have shown that tools that omit the RNA 
secondar y structure have lower discriminatory performance 
[21, 24]. In other words, the most accurate RNA–RNA interaction 
prediction results are obtained by tools that consider the RNA 
secondary structure. Notable examples of such tools include 
IntaRNA [25], RNAplex [26], RactIP [27], ASSA [28], and RRP 
[29]. Despite their accuracy, these algorithms require extensive 
computational resources to find promising lncRNA–RNA interact-
ing pairs due to the consideration of the RNA secondary structure, 
which significantly impacts execution time [30]. 

To address the execution time challenge, Fukunaga and 
Hamada developed RIblast [30], a C++ algorithm that exploits 
the seed-and-extension heuristic [12]. This approach accelerates 
the prediction of lncRNA–RNA interacting pairs without 
compromising prediction accuracy, rivaling the per formance of 
the most accurate tools in the state of the art [24, 30]. However, 
even with their thorough optimization efforts, RIblast still falls



short when it comes to computing lncRNA–RNA interactions at 
the transcriptome scale. Indeed, Fukunaga and Hamada have 
already emphasized the need for further acceleration to effectively 
identify lncRNA–RNA interactions at such a large scale [30]. There-
fore, in this chapter, we present pRIblast [31, 32], an enhanced 
version of RIblast developed to overcome the current execution 
time limitations. By optimizing the algorithm’s runtime and lever-
aging parallel computing techniques, pRIblast aims to enable 
the identification of lncRNA–RNA interactions on a broader 
scale, specifically at the transcriptome level. We demonstrate the 
improved efficiency and performance of pRIblast and provide prac-
tical guidelines for its execution on workstations and computing 
clusters. 
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1.1 RIbla st 

1.1.1 RNA–RNA 
Interaction Prediction 
Algorithm 

RIblast enumerates potentially interacting segments between a 
query RNA, q, and a target RNA, t. RIblast uses two energies to 
determine if two segments, qs and t s , interact. These energies are:

• The accessible energy, which indicates segments that are likely to 
form intermolecular base pairs with other segments. When the 
accessible energy is low, a segment is more likely to form inter-
molecular base pairs as it avoids intramolecular base pairing.

• The hybridization energy, which is the free energy released by 
the intermolecular base pairs between two segments. The hybri-
dization energy is computed as the sum of the stacking energies 
and loop energies in the intermolecular base pair structure. 
Intramolecular base pairs are ignored by the hybridization 
energy algorithm of RIblast. 

The interaction energy between qs and t s is then computed by 
adding together the accessible energy of qs , the accessible energy of 
t s , and the hybridization energy between qs and t s . RIblast will 
output segments with particularly low interaction energy as a 
detected RNA–RNA interaction. 

For all-to-all predictions, the calculation time of accessible 
energies scales linearly with the number of sequences. However, 
the calculation time of the hybridization energies scales quadrati-
cally with the number of sequences. This poses a challenge for 
comprehensive prediction of lncRNA– RNA interactions. And this 
is where pRIblast focuses its performance optimization efforts, 
leveraging parallel computing technologies to reduce the execution 
time and enable the identification of lncRNA–RNA interactions at 
the transcriptome scale. 

1.1.2 RIblast Overview RIblast functions in two steps: a database construction step and an 
RNA interaction search step. 

In the database construction step, RIblast precalculates the 
accessible energies and the results of searching for short substrings



of a target RNA dataset. This is done by first computing approxi-
mate accessible energies of the RNA sequences and then encoding 
the sequences, building a suffix array, and constructing a lookup 
table of search results. All these data (i.e., the accessible energies, 
the encoded sequences, the suffix array, and the lookup table) are 
stored in a database that will later be used in the RNA interaction 
search step. Building a database of RNA sequences allows 
RIblast to:
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• Accelerate the subsequent RNA interaction search step. The 
accessibility and lookup table computations do not need to be 
repeated for every query sequence, resulting in substantial 
computational time savings.

• Enable the efficient reuse of data. Once a database is built, the 
RNA interaction search can be performed with different query 
sequences on the same target dataset without having to recom-
pute accessibility and lookup table information. This proves 
particularly useful when analyzing large datasets, such as the 
complete human RNA transcriptome. 

In the RNA interaction search step, RIblast finds interactions 
between the target RNA sequences in a database and a given set of 
query sequences. Here, RIblast first computes approximate accessi-
ble energies and constructs a suffix array for every sequence in the 
query RNA dataset. Second, RIblast finds seed regions with a 
hybridization energy that does not exceed an energy threshold, 
T 1. This is done based on the suffix array of the queries and the 
target database. Third, RIblast computes the interaction energy of 
the seeds and removes those with energies that exceed 0 kcal/mol. 
Fourth, seeds are extended to find interactions with no gaps. Fifth, 
overlapping interactions are removed, as well as interactions with 
energies exceeding a threshold, T 2. And sixth, interactions are 
extended from seed regions with a gap and stored in a comma-
separated output text file. 

For further information on the functioning and design of the 
RIblast algorithm, we refer the interested readers to the original 
paper of RIblast [30], especially those seeking to optimize the 
search parameters of the algorithm for their specific use case. 

1.2 pRIblast pRIblast is a hybrid MPI/OpenMP implementation of the RIblast 
algorithm specifically designed to enable large-scale lncRNA–RNA 
interaction analyses. While pRIblast shares the same prediction 
algorithm as RIblast, it leverages the power of high-performance 
computing to address the increasing demand for comprehensive 
lncRNA–RNA interaction analysis. 

pRIblast also functions in two steps: a database construction 
step and an RNA interaction search step. These steps have under-
gone extensive optimization efforts to maximize performance,



including static analysis improvements, data storage and memory 
management optimizations, and the utilization of advanced paral-
lelization techniques. These optimizations collectively enhance the 
efficiency and scalability of pRIblast, enabling it to handle huge 
lncRNA–RNA datasets. 
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By incorporating pRIblast into their research workflow, scien-
tists can benefit from its ability to dramatically reduce the compu-
tational costs associated with large-scale lncRNA–RNA interaction 
analysis. This empowers researchers to explore the functional impli-
cations of lncRNAs at the transcriptome scale and uncover novel 
insights into their roles in cellular processes. 

1.2.1 MPI, OpenMP, and 
pRIblast’s Target 

Architecture 

pRIblast is designed to target distributed-memory architectures, 
such as computing clusters or supercomputers. These architectures 
consist of multiple computing nodes, with each node comprising 
a complete individual computer, connected through a high-
performance interconnection network. 

In this distributed-memory scenario, pRIblast divides the 
workload among multiple MPI (Message-Passing Interface) pro-
cesses that run on the different nodes of the cluster. MPI [33] is the 
de facto standard for developing parallel programs that run on 
distributed-memory systems. It provides a portable, highly opti-
mized, and flexible message-passing protocol, facilitating efficient 
communication and coordination between processes. 

Once the workload is distributed among the nodes of the 
cluster using MPI, each process spawns OpenMP threads to exploit 
all the CPU cores within each node and accelerate the computation, 
ideally by a factor of N × C (where N is the number of nodes and 
C is the number of cores per node). OpenMP [34] is a collection of 
compiler directives and functions that offers a scalable, up-to-date, 
and portable application programming interface for shared-
memory systems programming. 

For example, in a computing cluster consisting of two nodes, 
each with four CPU cores, MPI would be used to coordinate two 
processes running on the two nodes. Each process would then 
spawn four OpenMP threads to fully exploit the eight cores within 
this two-node setup, theoretically accelerating a given computation 
by a factor of 8. In the context of RNA–RNA interaction predic-
tion, pRIblast uses MPI to distribute RNA sequences among the 
nodes of the cluster, and OpenMP is employed to process these 
sequences in parallel across all the CPU cores of the cluster. 

This paradigm is flexible and allows pRIblast to not only exploit 
distributed-memory architectures but also standard desktop com-
puters and workstations. Therefore, pRIblast can accelerate the 
prediction of lncRNA–RNA interacting pairs even on a single 
machine with multiple CPU cores, providing a more modest con-
figuration for users who do not have access to large-scale comput-
ing resources. This demonstrates the versatility of pRIblast, making



it suitable for a wide range of computing environments and accom-
modating users with varying resources and requirements. 
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1.2.2 Database Paging 
Mechanism 

pRIblast introduces a highly effective optimization known as the 
database paging mechanism to overcome the memory limitations 
of the former RIblast algorithm. In RIblast, results are written to 
the output file only after comparing all target sequences against a 
specific RNA query sequence. This approach can lead to memory 
overflow if the target database is large or if a query segment pro-
duces a significant number of prediction candidates. 

To address this limitation, pRIblast divides the target database 
into smaller, independent subsets called “pages.” These pages are 
designed to fit within the available memory space of a single com-
pute node and prevent memory overflow. Instead of comparing 
query sequences against the entire target database in a single round, 
pRIblast makes predictions against subsets of the database repre-
sented by these pages. 

Implementing the database paging mechanism required slight 
modifications to the database construction step described before. 
Specifically, the database construction step was adjusted to read 
chunks of a fixed size that correspond to the pages used in the 
RNA interaction search step. Nevertheless, databases constructed 
without the modified version of the construction step remain fully 
compatible with the new pRIblast workflow. 

The database paging mechanism in pRIblast significantly 
improves the efficiency, scalability, and memory management of 
the algorithm. By dividing the target database into manageable 
subsets, pRIblast minimizes memory pressure and prevents over-
flow, enabling researchers to analyze large-scale lncRNA–RNA 
interactions without compromising computational resources. 

1.2.3 pRIblast in Figures To demonstrate the enhanced performance of pRIblast compared 
to RIblast, we present a comparison of execution times for predict-
ing lncRNA–RNA interactions on five noncoding RNA transcrip-
tomes. These experiments were conducted using a computing 
cluster comprising 16 nodes, each equipped with 16 CPU cores. 
Table 1 provides an overview of the execution times obtained from 
these experiments, showcasing the efficiency gains achieved by 
pRIblast. 

The table shows that pRIblast consistently outperforms RIblast 
across all five transcriptomes. Leveraging an optimized algorithm 
and parallel computing techniques, pRIblast enables significantly 
faster database construction, completing the task up to 318 times 
faster than RIblast. Similarly, pRIblast accelerates the prediction of 
RNA–RNA interactions by up to 135 times compared to RIblast. 
These advancements capitalize on the full computational power of 
pRIblast, facilitating rapid and comprehensive analysis of lncRNA– 
RNA interactions.
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Table 1 
Execution time comparison between RIblast and pRIblast on five non-coding RNA transcriptomes and 
a computing cluster with 16 nodes, each equipped with 16 CPU cores 

RIblast pRIblast 

Transcriptome DB const. RNA–RNA search DB const. RNA–RNA search 

Lepidothrix C. 8  m  0  s 2  h  6  m  42 s 6  s 3  m  3  7  s  

Ursus A. 13 m 56 s 4 h 38 m 34 s 5 s 1 m 59 s 

Drosophila M. 41 m 36 s 14 h 43 m 49 s 30 s 9 m 55 s 

Anser B. 2 h 8 m 13 s 22d 8 h 13 m 46 s 24  s 3  h  5  6  m  6  s  

Anas P. P. 3 h 14 m 41 s 101 d 10 h 52 m 55 s 36 s 20 h 7 m 45 s 

Estimate of the runtime, RIblast cannot compute these datasets because it runs out of memory 

Furthermore, the database paging mechanism employed in 
pRIblast proves to be a crucial optimization, as highlighted in 
Table 1. This mechanism enables pRIblast to successfully complete 
two transcriptome-scale analyses that would have been infeasible 
with RIblast due to memory limitations. 

For further information on the technical details behind pRI-
blast, we refer the interested readers to the original papers of 
pRIblast [31, 32]. 

2 Materials 

2.1 Hardware 
Requir ements 

Choose one of the following:

• An x86/x86_64, SSE2-equipped processor, i.e., virtually any 
modern x86 processor (year 2000 onward)

• A cluster of x86/x86_64, SSE2-equipped processors, i.e., virtu-
ally any computing cluster 

2.2 Software 
Requir ements 

1. A Linux-/Unix-like operating system, e.g., Ubuntu 20.04 

2. Wget, e.g., GNU Wget v1.20.3 

3. Gzip, e.g., GNU Gzip v1.10 

4. Git, e.g., Git v2.25.1 
5. Make, e.g., GNU Make v4.2.1 

6. A C++17 compliant and OpenMP-enabled C++ compiler, e.g., 
GCC v9.4.0 

7. An MPI-3 compliant MPI library , e.g., OpenMPI v4.0.3 

8. Python 3, e.g., Python v3.8.10
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For users executing pRIblast on an Ubuntu desktop/worksta-
tion, all these dependencies may be installed at once using the 
following command: 

$ sudo apt update && ∖ 
sudo apt install -y wget gzip git build-essential 

openmpi-bin libopenmpi-dev python3 

Users executing pRIblast on a computing cluster will likely 
have all these packages installed by default. However, they will 
need to load them explicitly using the appropriate module manage-
ment tool in place at their system. In the computing cluster used to 
demonstrate the methods in this chapter, this software is Environ-
ment Modules1 (as it is in most computing clusters worldwide), and 
we load the required software by executing the following 
command: 

$ module load gcc/system openm pi/4.1.4 python/ 
3.9.9 

Please note that different installations of Environment Modules 
may have different module names. The provided command is spe-
cific to our system. If you are unsure about how to load the required 
software, please consult your system administrator. 

3 Methods 

This section will show how to:

• Install pRIblast on your system.

• Download a noncoding RNA transcriptome and prepare it for 
analysis.

• Run pRIblast on a: 
– Desktop computer or workstation. 
– Computing cluster . 

3.1 Installing 
pRIbla st 

This section provides step-by-step instructions for installing pRI-
blast on your system. It ensures that users have pRIblast installed 
and ready to use for the subsequent steps. 

1. Navigate to your HOME directory and create an opt folder 
where you will store your local installation of pRIblast. 

$  c  d  ~  
$ mkdir -p opt 

1 https://lmod.readthedocs.io/en/latest/

https://lmod.readthedocs.io/en/latest/
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2. Navigate to the newly created folder and clone pRIblast into 
your local machine. 

$ cd opt 
$ git clone https://github .com/UDC-GAC/pRIblast 

3. Navigate to the root folder of pRIblast and compile the appli-
cation (see Note 1 below). 

$ cd pRIblas t 
$ make -j$(getconf _NPROCE SSORS_ONLN) 

4. Update your PATH variable so that your system can find the 
pRIblast executable file automatically . We recommend chang-
ing the name of the executable file, too. 

$ mv target/pRIblast.release targe t/pRIblast 
$ echo "export PATH=∖$PATH:$(pwd)/target" >> ~/. 
bashrc 

5. Restart your shell’s session, and you will be able to invoke 
pRIblast from anywhere in your system. 

$  c  d  ~  
$ source .bash rc 
$ pRIbl ast 

3.2 Data Preparation In this section, the focus is on preparing the data for analysis with 
pRIblast. It guides users through creating a data directory, down-
loading a specific noncoding RNA transcriptome, decompressing 
the downloaded file, and splitting the transcriptome into separate 
files for RNA and lncRNA sequences. 

1. Navigate to your HOME directory and create a data folder 
where you will store the transcriptome executed in the follow-
ing sections of the chapter. 

$  c  d  ~  
$ mkdir -p data/pR Iblast/input 

2. Navigate to the newly created folder and download the Lepido-
thrix coronata noncoding RNA transcriptome from the 
Ensembl genome browser 109 [35]. 

$ cd data/pR Iblast/input 
$ wget http://ftp.ensembl.org/pub/release-109/ 
fasta/l epidot∖ 

hrix_coronata/ncrna/Lepidothrix_coronata. 
Lepidothrix∖  
_coronata-1.0.ncrna.fa.gz -O lepidothrix. 
fa.gz
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3. Decompress the transcriptome. 

$ gzip -d lepidot hrix.fa.gz 

4. Run the script provided alongside pRIblast to split lepido-
thrix.fa into two separate files: lepidothrix_RNA.fa, 
which will hold all the RNA sequences in the transcriptome 
and will be used later to construct a database, and lepido-
thrix_lncRNA.fa, which will hold only the lncRNA 
sequences in the transcriptome and will be used later to predict 
interactions against lepidothrix_RNA.fa. 

$ python3 ~/opt/pRIblast/scripts/split_tran-
scriptome.py lepidothrix.fa 

3.3 Running pRIblast 
on a Desktop 
Computer or 

Workstation 

This section provides instructions for running pRIblast on a desk-
top computer or workstation. 

1. Navigate to your HOME directory and create an output folder 
inside the data folder where you will store the results of 
pRIblast. 

$  c  d  ~  
$ mkdir -p data/pR Iblast/output 

2. Create a temporary directory inside /tmp for pRIblast to store 
intermediate result files. 

$ mkdir -p /tmp/pR Iblast 

3. Build a database of RNA sequences, lepidothrix-db, with 
the complete RNA transcriptome downloaded in the previous 
section. 

$ pRIblast db -i data/pRIblast/input/lepido-
thrix_RNA.fa ∖

-o data/pRIblast/output/lepidothrix-db ∖
-p /tmp/pR Iblast 

4. Predict interactions between the lncRNA sequences in the 
Lepidothrix coronata transcriptome and the RNA sequences in 
the newly created database (see Note 2 below). Predicted inter-
actions will be stored in the file lepidothrix-pred.txt. 

$ pRIblast ris -i data/pRIblast/input/lepido-
thrix_lncRNA.fa ∖

-o data/pRIblast/output/lepidothrix-pred. 
txt ∖

-d data/pRIblast/output/lepidothrix-db ∖
-p /tmp/pR Iblast 

The previous commands will launch one pRIblast process and 
spawn as many threads as there are CPU cores available in your 
computer (see Note 3 below). This demonstrates the flexibility



provided by pRIblast and how it seamlessly scales from standard 
desktop computers to supercomputers. 
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3.4 Running pRIblast 
on a Computing 

Cluster 

This section provides instructions for running pRIblast on a com-
puting cluster. But please note that the method described here is 
specifically designed for clusters managed with SLURM2 (about 
60% of the supercomputers in the TOP500 list) and Environment 
Modules. However, it can serve as a solid foundation for creating 
execution scripts in clusters managed with other clustering 
software. 

1. Navigate to your HOME directory and create an output folder 
inside the data folder where you will store the results of 
pRIblast. 

$  c  d  ~  
$ mkdir -p data/pRIblas t/output 

2. Create a scripts directory where you will store the batch 
script used to submit pRIblast for execution on the cluster. 

$ mkdir -p scrip ts/pRIblast 

3. Navigate to the scripts folder and create the following batch 
script with the name lepidothrix.sbatch. This script will 
first load all the required software to run pRIblast. Then, it will 
create a database of RNA sequences, lepidothrix-db , using 
all the RNA sequences in the Lepidothrix coronata transcrip-
tome. And finally, it will predict lncRNA–RNA interactions 
between the RNA sequences in the database and the lncRNA 
sequences in the transcriptome. 

$ cd scripts /pRIblast 
$ cat <<EOF > lepidothrix.sbatch 
#!/bin/bash 
#SBATCH --nodes=16 
#SBATCH --ntasks-per-node=1 
#SBATCH --cpus-per-task=16 
#SBATCH --mem-per-cpu=4G 
#SBATCH --time=00:20:00 

module load gcc/system openmpi/4.1.4 

export OMP_NUM_THREADS=∖$SLURM_CPUS_PE R_TASK 
srun pRIblast db -i ~/data/pRIblast/input/lepido-
thrix_RNA.fa ∖

-o ~/data/pRIblast/output/lepidothrix-db ∖
-p ∖ $TMPDIR 

2 https://slurm.schedmd.com/documentation.html

https://slurm.schedmd.com/documentation.html
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srun pRIblast ris -i ~/data/pRIblast/input/lepi-
dothrix_lncRNA.fa ∖

-o ~/data/pRIblast/output/lepidothrix-pred. 
txt ∖

-d ~/data/pRIblast/output/lepidothrix-db ∖
-p ∖ $TMPDIR 

EOF 

4. Use sbatch to submit the script for execution on the cluster 
(see Notes 2 and 4 below). 

$ sbatch lepidot hrix.sbatch 

This last command initiates the execution of lepidothrix. 
sbatch on the cluster in batch mode (i.e., noninteractive, offline 
execution). The script launches pRIblast with 16 processes, each 
spawning 16 threads, distributed across 16 different nodes of the 
cluster, thereby using a total of 256 CPU cores. Additionally, the 
script allocates 4 GB of main memory per thread and sets a time 
limit of 20 minutes for the execution. To optimize performance 
and reduce input and output latencies, the $TMPDIR environment 
variable points to a local temporary directory on each node’s local 
file system. 

4 Notes 

The following notes provide additional information and trouble-
shooting tips for potential issues that users may encounter during 
the installation and execution of pRIblast. 

1. If the compilation fails and throws any of the following error 
messages:

• make: command not found,  or

• make: mpic++: command not found, 

make sure you have installed all the required software listed 
in Subheading 2.2 before compiling pRIblast. Users compiling 
pRIblast in a cluster make sure you have loaded all the required 
software using the appropriate module management tool. 

2. If the interaction prediction step fails with an error message of 
the form:

• segmentation fault (core dumped),

• fatal error: out of memory,  or

• error: detected oom-kill event (s), 

this means that pRIblast ran out of memory while finding 
RNA interactions. Rebuild the target database, but this time set 
a page size (i.e., append the option -c INT) to reduce the



maximum number of sequences that are processed simulta-
neously by the algorithm. We have found that a page size of 
250 sequences reduces the memory consumption of the 
algorithm below 4 GB per thread. If you still encounter out-
of-memory errors, reconstruct the database with a smaller page 
size (i.e., -c 150). 
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3. To control the number of threads used by pRIblast on a 
desktop computer, users may set the environment variable 
OMP_NUM_THREADS accordingly . For instance, to limit the 
number of threads spawned by pRIblast to 4, execute the 
application as follows: 

$ OMP_NUM_THREADS=4 pRIbl ast ... 

4. If the submission fails with an error message of the form 
sbatch: error: batch job submission failed, please 
check that the resources requested by the batch script do not 
violate any hard limit or accounting/quality of service policy of 
your system (e.g., job submission limits or time limits). For 
instance, it may happen that your cluster does not allow con-
figurations where memory per CPU core exceeds a threshold of 
2 GB. If you are unsure, please contact your system administra-
tor for further assistance. 
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