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ABSTRACT

Recently, many independent research project focus on the study of the molecular basis of aging 
processes. I parallel, the different progression of many diseaes between sex is a hot topic research 
area. These studies require many data, models and tools for inferring aging and sex specific molecular 
machinaries. Among the others, the Genotype-Tissue Expression (GTEx) database is one of the 
preminent resources for the analysis of expression data related to tissues, sex and age. The current 
version of the database has a lot of querying interface that enable many analysis centered on the 
expression of genes on tissues. Despite this the database lacks on the analysis at sex/age level, thus 
the researcher has to download data and then write queries by hand. Nevertheless it lacks on the 
integration with existing protein interaction data. Therefore, the need for the introduction of tools 
enabling easy access and powerful analysis capabilities (i.e. state of the art network based analysis 
and integration), arises. We here present NOMA-DB a framework for the analysis of age related 
genes based on the GTEx database that enable easy querying at sex/age level, network based analysis. 
The framework is based on wrapping the GTEx database and on building an application logic level 
on top of existing data. The current version enables the analysis of genes by tissue, gene and age, 
thus it may be used in potentially future directions of analysis towards better comprehension of 
aging/sex-related molecular machineries based on the analysis of expression data.
Keywords: ageing GTEx analysis

1 Introduction

Ageing is commonly defined as the process of becoming older. In humans, ageing represents the progressive insurgence
and accumulation of changes over time [1, 2]. Ageing studies focus on disclosing genomic and epigenomics changes
related to these changes [3, 4, 5, 6]. The rationale of these studies is that the elucidation of these mechanisms can also
help develop novel therapies for many diseases that seem related to ageing [7, 8, 9, 10, 11, 12].

The accumulation of results of different studies has led to the consideration that ageing may be explained as a set of
ageing clocks, i.e. a set of molecules whose changes may be predictors of the age [13, 14]. Consequently, from a
theoretical point of view, it could be possible to measure a biological age for each individual who may differ from the
anagraphical age, providing more information about the health status and the risk of insurgence and development of
diseases [15].

To shed light on ageing processes, the researcher needs to integrate and mine heterogeneous data produced by
experiments of different laboratories (e.g. omics, epigenomics, and medical images) [16, 17, 18].

Thus, it is possible to evidence some main key points enabling research in this area: (i) availability of data in public
databases; (ii) data standards for easy integration and comparison; (iii) methods and models for data integration and
analysis, also leveraging capabilities from deep learning and artificial intelligence [19, 20, 21, 22]. Among the others, the
GTEx data portal [23] represents one of the most used resources for collecting data related to whole-genome sequencing
and RNA-seq in individuals. For each sample, GTEx provides some information such as tissue of provenance and sex
and age (grouped into six classes) of the patient. The current version of the GTEx database (v8 accessed on August 22th)
stores 17382 samples of 54 tissues of 948 donors, see at https://gtexportal.org/home/tissueSummaryPage.
GTEx is available through a web interface that offers easy to use query interface and visualisation of data in tissues, and
it is used in many ageing-related studies [24, 25, 26, 27]. Despite this, to our knowledge, the GTEx data portal has
some limitations, such as (i) users cannot query data grouped by age or sex, and (ii) data are not integrated with existing
protein interaction databases.

In particular, the user who wants analyse data at sex /age level has to download the database has to write his own script,
so this is a significant limitation for the inexperienced user, and in general, it requires time to download and prepare data.
The second limitation is related to the possibility of reconstructing and studying ageing processes at a network level,
which is promising, as demonstrated in some recent works [28, 29, 30, 31, 32, 31, 33]. Consequently, we designed
NOMA-DB (Network Omics Ageing Database), a framework able to gather data from the GTEx database and existing
protein interaction databases. Such data are then made available to the user through a web interface. The user can query
the GTEx database and analyse data by sex and age through the web interface. Moreover, expression data are then
integrated into the existing protein interaction network to enable network-based analysis and visualisation. Thus, the
NOMA-DB framework extends the existing resources, and it enables tissue-level ageing studies.

We here describe the design and development of NOMA-DB. We also present the first implementation and some case
studies demonstrating the approach’s effectiveness.
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2 Related Work

The recent advances in high-throughput omics technologies have accelerated the development of databases, methods
and tools for analysing biological data with the ultimate goal of measuring biological age at the molecular level. We
here present state-of-the-art databases that constitute the main data sources for machine learning algorithms to identify
new biomarkers of biological ageing [34].

Ageing-Related Databases State-of-the-art databases for ageing studies share a common principle: storing multi-
omics datasets that gather information from almost all the omics aspects, i.e. genomics, epigenomics, transcriptomics,
proteomics, metabolomics and pharmacogenomics. All the databases are available through a web interface offering an
easy query interface. Moreover, they provide a limited analysis interface.

The AgingAtlas [35] database, available at https://ngdc.cncb.ac.cn/aging/index offer data coming from five
different experimental platforms: RNA-seq, single-cell transcriptomics, epigenomics, proteomics , and pharmacoge-
nomics. The web interface provides the user to analyse changes in expression profiles at age level. The database is also
available for download. Despite the presence of a protein interaction module, it provides only a search of interactions
related to a gene without the possibility of analysis of the networks. Finally, AgingAtlas does not contain tissue-level
data.

GenAge [28] https://genomics.senescence.info/genes/index.html is a curated database of genes related
to ageing in humans. The database, available through a web interface at https://genomics.senescence.info/
genes/index.html offer the possibility to search and analyse genes and related studies. It allows users to analyse the
genetic network of a gene or associated pathways. GenAge is a reference database for ageing-related studies, but it does
not offer the possibility of discovering other age-related genes or expression profiles. GenAge is part of Human Ageing
Genomic Resources (HAGAR), which collects databases and tools for studying ageing [36]. Similarly to AgingAtlas it
does not contain tissue level data.

Aging Studies In parallel to the accumulation of data into public databases many efforts have been done to identify
genes, proteins and molecules related to the ageing process [36]. Since wet lab experiments are difficult and expensive,
researchers leveraged computational methods to discover such genes. These experiments integrate gene expression and
protein interaction data and analyse the expression of these molecules during the age in order to evidence changes that
are correlated or caused by age progression. In particular the use of protein interaction data enable to evidence changes
at system level scale, by highlighting network modifications [37, 38, 39].

3 A framework for extending GTEx database.

The NOMA-DB architecture comprises the following modules as depicted in Figure 1: (i) the GTEx Manager, (ii) the
GTEx (local) DB, (iii) the PPI-DB integrator, (iv) the PPI-DB (local( database, (v) the network analysis module, (vi)
the query builder, and (vii) the web interface.

The GTEx DB and the PPI-DB store, respectively, a local copy of the GTEx database and Protein interaction databases.
The current version of the framework uses MySQL 8.0 database to store data.

The GTEx Manager and the PPI DBI Integrator are responsible for updating data crawled from the GTEx data portal
and other web resources. Both use HTTP protocol to access data on the web. After connection, they download data from
the local repository. Furthermore, since the system may access different protein interaction databases, it integrates them
into a single repository avoiding redundancies. The current version of NOMA-DB uses python libraries for accessing
and downloading GTEx data.

The Query Builder module is responsible for the interaction with the user interface. It receives as input the user
formulated queries (e.g. genes expressed in tissue X at age Y) and it extracts data into the local databases. Moreover, it
accesses PPI-DB to retrieve protein interactions related to the user query. The network analysis module implements
network mining modules, i.e. differential expression of genes of the network, network parameters etc. [40]. The user
access to the framework through a web interface based on a responsive HTML5-based client.

The rest of the Section shows the functionalities of NOMA-DB through a case study.

4 Conclusion

Recently the interest for investigating sex and age based differences on disease insurgence and progession is increasing.
These studies need a deep knowledge of molecular mechanisms and their differences among indivuduals. These data
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Figure 1: The NOMA-DB architecture comprises the following modules: (i) the GTEx Manager, (ii) the GTEx (local)
DB, (iii) the PPI-DB integrator, (iv) the PPI-DB (local( database, (v) the network analysis module, (vi) the query builder,
and (vii) the web interface. The GTEx DB and the PPI-DB store, respectively, a local copy of the GTEx database and
Protein interaction databases. The GTEx Manager and the PPI DBI Integrator are responsible for the update of data
crawled from the GTEx data portal and other web resources. The Query Builder is responsible for the accession to
the local DB and extracting data, while the network analysis module implements network mining modules. The web
interface realises the interface to the system.

should be contained in public available databases. There exists some efforts in this direction such as the GTEx database.
Despite this, there is a need for some specialised query interfaces and for the integration with existing protein interaction
data. We here presented NOMA-DB a framework for the analysis of age related genes based on the GTEx database that
enable easy querying at sex/age level, network based analysis. Future work will regard from one side on the extesion
of this database and from another side the use of them for a better comprehension of aging/sex-related molecular
machineries based on the analysis of expression data.
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