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Abstract— In the coming years, human genome research will
likely transform medical practices. Genome-wide association
studies (GWAS) are an example of the research effort made
to allowing scientists to identify genes involved in human
disease, reaction to treatments or symptom severity. Indeed,
the unique genetic profile of an individual and the knowledge
of molecular basis of diseases are leading to the development
of personalized medicines and therapies, but the exponential
growth of available genomic data requires a computational
effort that may limit the progress of personalized medicine.
Within this context, we propose the development of a novel
hardware and software integrated system, named HUGenomics.
The framework aims at becoming an advanced support for
personalized medicine research. Thanks to more efficient algorithms and data integration from different biological sources,
HUGenomics aims at simplifying the interpretation of biological
information and facilitating genomic research process by means
of both computational and data visualization tools.

I. I NTRODUCTION
The possibility to exploit large -omics data, such as
genomics, transcriptomics and proteomics, is fostering the
research around personalized medicine. Thanks to the availability of these data, important efforts are dedicated to better
understand their relationship to individual health, diseases
origin and personal responsiveness to medical treatments.
Crucial for healthcare progress, personalized medicine and
molecular diagnostics rely on -omics data to predict, for
instance, the onset of a disease, and current research is
very active on data integration, analysis and interpretation
[1]. Despite the technological progresses, the computational
resources needed for these tasks are still expensive, and the
lack of general analysis tools further limits the developments
of personalized medicine [2]. Hence, the development of
personalized therapies faces two main challenges.
Firstly, we need methods to integrate data from multiple
sources that maintain results accuracy and can scale to large,
integrated and highly-dimensional datasets. To this aim, it is
necessary to develop procedures to reduce the number of
variable by means of feature reduction techniques.
The second challenge regards the need of processing largescale genomic data. From a technological point of view,
today’s sequencing technologies are replacing genotyping
methods based on microarray, which are generally limited
to querying only regions of known variation [3].
As of now, several works focused on improving technological efficiency or on solving data integration problem [4]–

[9]. However, to allow efficient progress of personalized
medicine, it is necessary to address both issues at once.
The framework proposed in this paper, HUGenomics,
aims to support research in personalized medicine by
unifying data analysis and data integration in a single
tool. To this aim, HUGenomics exploits reconfigurable
architectures to accelerate data analysis algorithms, allowing users to explore multiple information levels.
To scale out computational capabilities to the size of new
datasets and to the complexity of genomic algorithms while
maintaining cost-effectiveness, HUGenomics leverages Field
Programmable Gate Arrays (FPGAs) for application acceleration. Indeed, FPGA-based accelerators already proved to be
more performing and energy-efficient than CPUs with several
genomic applications [10]–[12]. HUGenomics also focuses
on data integration, using both known and novel algorithms
to ease the identification of biological meanings.
To draw the context of HUGenomics and detail its proposals,
Section II overviews most relevant literature in the field
while Section III provides a brief overview of the general
framework adopted and explains the main benefits of the
hardware technology used. This section also shows some
case studies previously developed. Section IV concludes the
paper and discusses future works.
II. R ELATED W ORKS
In the literature, several software and web services are
available to extract information from biological and genetic
data. These systems are used in molecular dynamics (MD)
simulations, next-generation sequencing (NGS), GWAS and
in approaches focused on data integration.
Considering MD simulations, they consist in computing
atomic trajectories by solving motion numerical equations
using empirical force fields; these equations approximate
the actual atomic force in biopolymer systems. In this field,
NAMD [13] and Gromacs [14] are the most used tools. In
particular NAMD is widely used to simulate, for instance,
permeation of an ion in a membrane channel and elastic
vibrations of proteins. These processes have a key role, for
instance, in the development of new engineered enzymes
or in understanding how different proteins interact with
each other. However, it is still difficult to simulate a whole
process of a protein folding using the conventional MD
method.

Genome-wide analyses instead search correlations between
genomic variants, like Single Nucleotide Polymorphisms
(SNPs), and disease phenotypes in large population. This
approach present high computational costs that could require
days with regular CPUs, but it is visible in [15] and [16]
how hardware accelerators like GPUs and FPGAs are
capable of reducing the time necessary to hours or minutes.
Regarding hardware accelerations in the NGS field, a
recent effort is Dragen, the first Bio-IT processor, released
by Edico Genome [17]. Dragen radically reduces the
computational cost and increases execution speed while
maintaining results accuracy. Dragen is integrated on a
PCIe card and is exposed via a Platform-as-a-Service
interface that external applications can leverage. However,
Dragen-based service does not allow for data integration
from different sources, which is, in our vision, a key factor
for improving biomedical research output and outcomes.
In this context, several works focused on data integration,
either starting from materialized datasets or from remote
ones. Completely materialized systems, such as EnsMart [4]
or BioWarehouse [5], integrate data stored in a warehouse
according to a local schema. Instead, systems like TAMBIS
[6] or BioMart [7] are mediator-based, in the sense that they
are designed to query remotely distributed sources through
a virtual mediated schema. Mediator-based approaches
provide up-to-date information at the cost of a higher
complexity and costs, while materialized approaches are
more efficient but cannot be used in online systems.
Moreover, available data integration platforms and workflow
systems often cannot provide support for ranking-aware
multi-topic searches, since these systems do not usually take
into account available partial rankings in the integration
process. To address these limitations, [18] proposes Search
Computing, a framework that provides the basic tools
required to solve complex multi-topic queries over multiple
data sources with also ranking information. In order to
achieve this goal, the software framework interacts with
a collection of cooperating search services, using ranking
information to join query results to compose the final
output. In this context several works, such as BioSeCo [8]
and University of California Santa Cruz (UCSC) Genome
Browser Database [9], aim at supporting exploratory
integrated bio-search and ranking-aware combination of
distributed biomedical-molecular data, in order to answer
multi-topic complex biomedical questions. BioSeco presents
some limits in terms of efficiency which, as said before,
has a crucial role in the development of advanced support
in biomedical informatics [19]. Instead, UCSC Genome
Browser Database provides genome sequence data integrated
with a large amount of related annotations. Moreover, it
proposes software optimizations and refinements to support
fast interaction with a web-based tool for data graphic
visualization.

Fig. 1. An Overview of HUGenomics. Thanks to the web interface the
user can exploit different services that will be run on a server equipped with
an FPGA board.

III. P ROPOSED S OLUTION
This section introduces HUGenomics, which aims to address both the efficiency and data integration problems in a
unified manner. By providing hardware-accelerated genomic
algorithms, HUGenomics enables novel data integration capabilities, allowing the exploration of several information
levels while limiting hardware costs.
In the following, Section III-A overviews the proposed
framework, while Section III-B explains the enabling technology behind HUGenomics, reviewing existing computing
architectures. Finally, Section III-C concludes with the first
two applications that have been integrated in our framework:
Smith-Waterman algorithm [20] and Protein Folding [21].
A. Overview of the Framework
HUGenomics is a hardware/software integrated system
that aims at becoming the new support tool to the research
in the field of personalized medicine. The system exploits
the computing capabilities of FPGAs to process the huge
amounts of genomic data available today while decreasing
energy consumption. Moreover, it provides tools to visualize
data in an efficient way, facilitating the identification of
biological information.
An overview of the framework used for HUGenomics is
visible in Figure 1. The system is accessible via a webbased interface, allowing remote access to HUGenomics and
cloud-fashioned deployment and provisioning; similarly, a
cloud-like communication interface allows users upload their
datasets for processing, as well as downloading intermediate
and final results. This model allows final users to focus only
on their research tasks, without the need for specialized technical skills. Once the initial data are uploaded, HUGenomics
web interface allows users to create custom workflows by
choosing different algorithms for data processing: users can
use the output of an algorithm as the input to another
one according to their own needs, investigating arbitrarily
complex pipelines for data processing. For example, users
can test algorithm like Principal Components Analysis [22]

or Features Selection [23] for the data preprocessing phase.
Each algorithm implemented in the framework benefits from
the FPGA-based implementation that runs on the HUGenomics server. For each step of computation, we are also
investigating techniques to efficiently and clearly visualize
intermediate results, assisting users in the comprehension of
huge data amounts.

TABLE I
C OMPARISON BETWEEN SOFTWARE AND HARDWARE
IMPLEMENTATIONS .
Algorithm
Smith-Waterman
Protein Folding

T imeCP U [ms]

T imeF P GA [ms]

Speedup

3440.98
0.4425

6.3
0.275

546.19
1.61

B. Hardware Acceleration Technology
The development of biomedical sciences led to a huge
increase in the amount of collected data, which required
biologists to work in collaboration with computer scientists
to optimize their compute-intensive applications and keep
analysis times reasonable. However, the exponential growth
of data sources needs new ways of management and analysis
[24]. In recent years, hardware acceleration technologies like
Application Specific Integrated Circuits (ASICs), Graphics
Processing Units (GPUs), Field Programmable Gate Arrays
(FPGAs) and co-processors (as the Intel Xeon PHI) showed
to be often more energy-efficient and performing with -omics
algorithms than Central Processing Units (CPUs), thanks to
their ability to harness the intrinsic parallelism of genomic
algorithms. Therefore, the HUGenomics framework relies on
hardware acceleration, offloading part of the computation to
the accelerator: in HUGenomics, a commodity host machine
controls the execution and provides the user with the final
results, while an accelerator (connected to the host) runs the
heaviest part of the computation.
We considered different hardware accelerators for the HUGenomics framework, and chose FPGAs as they offer the
best trade-off between performance, energy consumption
and cost effectiveness. Indeed, while ASICs are best for
performance and energy saving, their development cost is
justified only for massive production. On the other hand,
GPUs are available off-the-shelf, have high performance
(especially for floating-point operations) and good flexibility,
but have very high power consumption due to their high
frequency. Instead, FPGAs are the best fit for many genomic applications (especially for those with no floatingpoint operations), as they are flexible, available off-the-shelf
and have good performance and lower energy consumption
than GPUs and CPUs [25], and can also handle I/O operations and provide fault-tolerance [26]. Thus, using multiple
FPGAs in a single HUGenomics computing facility enables
performance scalability for large datasets and keeps the
total energy cost reasonable, overcoming one of the most
severe obstacles to scalability [27]. Furthermore, FPGAs can
be re-configured to implement different functions without
performance degradation: so that HUGenomics can use the
same accelerators to perform different exploration phases;
this limits hardware provisioning costs and allows adding
new accelerated algorithms at no additional overhead.
C. Case Studies
Two applications have been already implemented and
accelerated via FPGA for the HUGenomics framework. The

first application we implemented is based on the SmithWaterman algorithm. It is a dynamic programming algorithm
that performs pairwise local sequence alignment for DNA
sequences. The Smith-Waterman algorithm is guaranteed to
find the optimal local alignment with respect to the scoring
system that is used for the computation. The algorithm takes
as input two strings representing the database and query
sequences and some parameters representing the scoring system. The output provided shows the user how the query string
aligns to the database sequence. This algorithm is widely
used in biology as it provides the user with information about
how much a newly discovered DNA sequence is similar to
another one that has been already studied. For example, it is
a key algorithm in the genome analysis pipeline for personalized cancer research. Our implementation performs the main
steps of computation on the FPGA board in a highly parallel
and efficient way. Table I compares the execution times of
software and hardware implementations, our implementation
achieves performance in the order of 42 GCUPS (giga cell
update per seconds) on a Kintex Ultrascale FPGA and shows
the best ratio of performance over power consumption of the
entire state of the art, as described in [28]. The second application implements an accelerated protein folding algorithm.
Protein folding is the physical process by which a sequence
of amino acids folds into its 3D structure, that identifies the
final function of the protein. The knowledge of the tertiary
structure is crucial, for instance, to create personalized drugs
and treatments. For this application, the user provides an
initial amino acids sequence and a starting set of dihedral
angles using the web-based interface, and then just starts the
computation. HUGenomics splits the computation between
the CPU and the FPGA device and then returns to the user
a graphical visualization of the folded protein. The protein
folding application embedded in HUGenomics outperforms
the existing implementation on CPU by a factor of 1.61x,
as summarized in Table I, and still leaves room for more
optimization, as shown in [10], [11].
In addition to the Smith-Waterman and the protein folding
algorithms, other applications are currently under investigation, such as a Copy Number Variation detection algorithm from whole exome-sequencing data [29] and BurrowsWheeler’s algorithm, a compression algorithm well suited to
genomic data [30]. Finally, we are investigating the BLAST
algorithm [31], a sequence-matching algorithm at the base
of many common applications: unlike Smith-Waterman,
BLAST returns results that are sub-optimal with respect to
the similarity metrics, employs a similarity treshold [32] to

limit those results and is used where sub-optimal results
are also acceptable. For example, it is used in the initial
screening of sequence data within another application for
protein structure prediction [33], also under investigation.
IV. C ONCLUSIONS AND F UTURE W ORKS
This paper presented HUGenomics, a solution to analyze
and integrate data from different biological sources, like
genome sequencing and proteomics. HUGenomics is an
hardware/software solution based on FPGA technology that
aims to help current research by providing data integration
functionalities, necessary for personalized medicine.
The first two implementations produced under HUGenomics
framework, namely the Smith-Waterman algorithm and the
protein folding, have shown favorable results, outperforming
software solutions and competing with FPGA’s state-of-art
in both compute speed and power consumption.
Considering the design of HUGenomics in Section III, its
future developments run along three major axes. The first
axis is the extension of the algorithmic library and the
development of a wider set of case studies, starting from the
four applications currently under investigation of Section IIIC to cover a growing number of processing pipelines while
providing clear benefits in scalability and power consumption. The second axis concerns the investigation of machine
learning algorithms within the context of HUGenomics, for
example to predict results quality. Indeed, current research
[34] already applied artificial intelligence and machine learning techniques to predict drug efficacy, opening the way to
new research directions between personalized medicine and
machine learning, to which HUGenomics can contribute. As
a third direction, it is necessary to explore the data types
HUGenomics can potentially receive in input: we believe
that the ability to manipulate flexible and heterogeneous
data structures, like proteomics and trascriptomics data,
while exploiting hardware acceleration and reconfiguration
is fundamental for precision medicine. Finally, HUGenomics
should keep focused on usability via its graphic interface,
allowing users with any level of competence to process data
and inspect results productively.
In conclusion, we believe that HUGenomics can contribute
to data analysis for personalized medicine and innovative
drug design, accelerating current protocols and reducing
development costs associated with these research activities.
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