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Abstract
The exponential growth of genomic/genetic data in the era of Big Data demands new
solutions for making these data findable, accessible, interoperable and reusable. In this
article, we present aweb-based platform namedGene Expression Time-Course Research
(GETc) Platform that enables the discovery and visualization of time-course gene expres-
sion data and analytical results from the NIH/NCBI-sponsored Gene Expression Omnibus
(GEO). The analytical results are produced from an analytic pipeline based on the ordi-
nary differential equation model. Furthermore, in order to extract scientific insights from
these results and disseminate the scientific findings, close and efficient collaborations
between domain-specific experts from biomedical and scientific fields and data scien-
tists is required. Therefore, GETc provides several recommendation functions and tools
to facilitate effective collaborations. GETc platform is a very useful tool for researchers
from the biomedical genomics community to present and communicate large numbers
of analysis results from GEO. It is generalizable and broadly applicable across differ-
ent biomedical research areas. GETc is a user-friendly and efficient web-based platform
freely accessible at http://genestudy.org/
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Introduction

Over the past few decades, substantial funding and
resources have been invested to generate biomedical
datasets at many levels, ranging from nucleic acid and gene
level to population level, in order to understand, treat
and prevent various diseases, and protect public health.
Based on data sharing policies of National Institute of
Health (NIH) and other government agencies, many of
aforementioned datasets are required to be shared with the
general research communities. Consequently, vast amounts
of biomedical data are being accumulated in databases and
data repositories. However, use or reuse of these existing
datasets for research by third parties is still not common as
expected.

Gene expression data from various diseases under dif-
ferent experimental conditions are mostly deposited in the
NIH/NCBI-sponsored Gene Expression Omnibus (GEO)
data repository (1). Like many of the biomedical databases,
GEO was originally created as a data repository to comply
with the data sharing policies. Often, these data shar-
ing platforms are designed and organized for easy and
convenient data submission by experimentalists, but not
friendly for data retrieval and analysis. Further, it is
not easy to identify the particular datasets to address a
particular biological question for a specific disease from
GEO, since the experimental design and study descrip-
tion are documented in an unstructured free text. Hence,
it is necessary to use text mining and natural language
processing (NLP) technologies to restructure the existing
repository so that datasets can be findable, accessible and
reusable.

This article describes a web-based platform that
addresses the difficulties in finding, accessing, reusing
biomedical datasets, specifically from GEO, as well as
the difficulties in finding and forming collaborations. The
novel platform, named as Gene Expression Time-Course
Research (GETc) platform (http://genestudy.org/), is built
on top of an analytical method based on the ordinary dif-
ferential equation (ODE) model for analyzing time-course
gene expression data. GETc offers the following services
and functions:

• Hosts time-course gene expression datasets from
GEO annotated with disease and cell types.

• User-friendly navigation and searching functions.
• Hosts analysis results of the time-course gene

expression datasets produced by the ODE analytic
pipeline.

• Recommends relevant datasets for users based on
their research interests.

• Recommends relevant papers and collaborators for
each dataset hosted in the platform.

The rest of the article is organized as follows: Sec-
tion 2 discusses the background of the analytic pipeline
and recommendation systems. Section 3.1 presents datasets
used for developing the GETc platform. Section 3.2
describes the methodology used for analytic pipeline, rec-
ommendation systems and platform implementation. Sec-
tion 4 describes and discusses the results. Finally, conclu-
sions are presented in Section 5.

Background

In this section, we present the three main parts of our
work, (i) repositories developed for archiving datasets in
the biomedical domains and their metadata, (ii) an analytic
pipeline developed for analyzing gene data and (iii) dataset,
literature and collaborator recommendation systems.

Dataset repositories

It is a growing trend among the researchers to make
their data publicly available for reproducibility and data
reusability. Many repositories and knowledge bases have
been established for different types of data in many doma-
ins. GEO(www.ncbi.nlm.nih.gov/geo/), UKBioBank(ww
w.ukbiobank.ac.uk/), ImmPort(www.immport.org/home)
and TCGA(portal.gdc.cancer.gov) are a few examples
of repositories in the biomedical domain. DATA.GOV
archives the U.S. Government’s open data from agriculture,
climate, education, etc. for research use. However, users
from the biomedical community have to visit and search
each repository separately to find data for their research,
which can be time-consuming and hectic.

DataMed(datamed.org) started an initiative to solve the
above issue for the biomedical community by combining
biomedical repositories and enhancing the query searching
using advanced NLP techniques (2, 3). DataMed indexes
and searches diverse categories of biomedical datasets (3).
DataCite is another data discovery index, which includes
16 187 835 works from many different domains (4). How-
ever, these repositories do not provide either insight of data
or help to find collaborators, which are still challenging
tasks to accomplish.

Analytic pipelines for gene expression data

The study of gene regulation related to different bio-
logical functions is critical to understand the underlying
mechanism of each function, such as cell growth, divi-
sion, development and response to environmental stimu-
lus. In addition, gene regulatory networks (GRN) have
been shown useful for investigating the interaction among
genes involved in a biological process, or genes responsive
to an external stimulus. There are many computational
approaches in the literature for inferring GRNs from gene
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expression data; for example, information theory mod-
els (5–7), Boolean networks (8–11) and Bayesian net-
works (12–15). However, these approaches are either not
efficient in describing dynamic regulations between genes or
restricted to small-scale networks. Meanwhile, responses to
environmental stimulus, such as immune response to viral
infection or response to aberrant activation of a particu-
lar pathway, are dynamic processes and require deliberate
analysis of time-course gene expression data, which in
turn is an ultra-high dimensional problem and needs the
use of advanced statistical and computational approaches
developed. Therefore, we implement an alternative com-
prehensive approach that exploits ODE models and gene
regulatory network analysis developed in (16–18). This
model takes into account the dynamic and temporal behav-
ior of genes, and learns the dynamic relation between genes,
in the form of stimulator or inhibitor of each other. Genes
(or probes) with significant expression level changes over
time are identified as dynamic response genes. Then the
top 3000 dynamic response genes are clustered into groups
according to their expression pattern over time. Finally,
a regulatory network is established by the ODE
model (19).

Recommendation systems

A recommendation system is an enabling mechanism to
overcome information overload. Literature in this area
can be broadly grouped as content-based or collabora-
tive filtering based recommendation systems. Next, we
discuss literature related to developed recommendation
systems.

Dataset recommendation
There are many dataset repositories in the biomedical
domain and many datasets are added to each repository
on a daily basis. For example, 34 datasets were added to
GEO repository daily in 2019. Hence researchers are likely
to be overwhelmed with the data available and they have
to visit each repository for searching a dataset. The plat-
forms like DataMed solved this problem and researchers
only had to visit DataMed for searching the datasets. How-
ever, DataMed has not been updated recently. Again,
the intent of search is always difficult to identify (20). A
dataset recommendation system based on researcher’s pro-
file may be helpful for information filtering. There were a
few experiments performed on data linking (21–23) where
similar datasets were clustered together using different
semantic features. Most of these works were on linking
the datasets with similar datasets rather than a dataset
recommendation.

Literature recommendation
The usefulness of the literature recommendation can be
stated by the acceptance of Google Scholar, Semantic
Scholar, PubMed, etc. The CiteSeer project (24, 25) was
the first of its kind to start research paper recommendation.
Later, many scientific article recommendation systems were
developed. Science Concierge is a content-based article rec-
ommendation system using distributional semantics (LSA)
and the relevance feedback (Rocchio algorithm). It recom-
mends articles for any number of input articles based on the
2015 Society of Neuroscience Conference articles (26). (27)
proposed a citation-based collaborative filtering recom-
mendation system for research articles using Jaccard sim-
ilarity. Similar article recommendation systems have been
developed using TF-IDF (28), topic modeling (29) and cita-
tion or author network analysis (30). TF-IDF was the most
frequently applied weighting scheme for recommendation
tasks (25).

SciMiner is a web-based platform for identifying gene
names in text based on user input and provides litera-
ture from MEDLINE for the corresponding gene (31).
A content-based PubMed article recommendation system,
PURE, was developed using ExpectationMinimization (32)
and it recommends articles to users based on their pre-
ferred articles. (33) developed a probabilistic topic-based
model for content similarity called ‘pmra’ on the publica-
tions from MEDLINE and this has been used as a related
article search function in PubMed. Most of the proposed
literature recommendation systems use embedding meth-
ods to convert text into vectors and calculate the similarity
between articles.

Once a researcher finds a dataset suitable for his/her
study, he/she may need literature available related to the
dataset. A literature recommendation system for datasets
may be a helpful tool for this scenario where researchers
can get literature from PubMed for each dataset.

Collaborator recommendation
Academic collaborator recommendation has long been
regarded as a useful application in the academic environ-
ment, which aims to find potential collaborators for a given
researcher by exploiting big academic data. In the past few
years, several works on collaborator recommendation have
been proposed (34–37).

Mainly, co-author network information has been incor-
porated to enhance the collaboration recommendation
(35, 37, 38). (38) proposed a random walk restart model
on co-author order, latest collaboration time point and
collaboration times. (37) developed a collaborator recom-
mendation system using collaborative entity embedding
developed using the topic words collected from the pub-
lications of researchers. The cross-domain collaborator
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recommender is another important aspect of this recom-
mendation and (36) proposed a cross-domain collabora-
tor recommendation using the co-author matching, topic
matching and cross-domain topic learning.

(35) proposed CollabSeer based on the co-author net-
work and lexical similarity. However, it is difficult for
new researchers or students to get recommendation using
the co-author network or lexical similarity as they do not
have papers. (39) proposed a collaborator recommender
for new researchers or students using input keywords, orga-
nizational relationship, ratings and activity level of the
collaborators.

When a researcher finds suitable data for his/her study,
the researcher may look for collaborators to work with on
that dataset. In this scenario, a collaborator recommenda-
tion system for each dataset may be helpful.

Materials and methods

Data

GEO Metadata collection
GEO is one of themost popular public repositories for func-
tional genomics data. As of 18 December 2019, there were
122 222 series of datasets available in GEO. Metadata of
GEO datasets such as title, summary, date of publication
and name of authors was collected from the GEO using
a web crawler. The PMIDs of the articles associated with
each dataset were also collected. Many datasets did not
have associated articles.

Time-course dataset: This study was conducted for the
time-course datasets from GEO, however, the time-course
datasets were not identified explicitly in the GEO web-
sites. The time-course datasets can be identified manu-
ally by reading the dataset descriptions or scanning the
associated data with it which is a time-consuming and
tedious task. A keyword-based NLP method was applied
for identifying time-course datasets. We implemented a reg-
ular expression-based approach to extract the time point
information from the GEO metadata. For example, some
phrases like ‘12 time points’, ‘7 developmental stages; har-
vest at 10 hrs, 12 hrs’, etc. were used to extract the
time point information. The regular expression-based sys-
tem was able to identify 167 datasets out of 200 random
datasets with an accuracy of 83.5%. Further, a total of 555
datasets were filtered manually from 862 datasets identi-
fied by the above system for processing. More details on
identifying time-course datasets can be found in (40). Once
the datasets are identified, the GSE number were fed to
the pipeline (Section 3.2.1) and it automatically retrieved
the data and metadata information corresponding to GSE
numbers. In addition to the time points, diseases, organ-
isms or/and cell types were identified from the title and

summary of the datasets. MetaMap (41) applied to the
metadata, and the Human Disease Ontology (DOID) terms
were detected from the annotated text for each dataset (42).
Further, datasets can be filtered using both the cell type and
diseases.

MEDLINE Articles
For developing dataset recommender, we collected the
researcher’s publications from PubMed. MEDLINE articles
were collected for developing literature and collaborator
recommenders. MEDLINE articles were collected from
PubMed which comprises more than 29 million biomedi-
cal and life science research articles. These articles consist
of information such as title, abstract, authors, affiliations,
Medical Subject Headings (MeSH) terms and publisher
name.

However, the articles collected from PubMed contain
a variety of topics related to biomedicine and life sciences
which may not be suitable for building a recommendation
system for datasets in GEO. Further, the articles before
1998 were removed as the research on micro-array data
started during that year (43). The datasets that are related
to gene expressions and articles collected from PubMed
contain a variety of topics. Thus, a MeSH term-based filter-
ing method was implemented to remove unrelated articles
from the whole MEDLINE articles. The details of the filter-
ing method can be found in (43). A total of 770 537 articles
were utilized for developing literature and collaborator
recommendations.

Methods

Analytic pipeline for time-course gene expression data
We integrated the series of statistical andmodeling methods
for the time-course gene expression data into an analytic
pipeline (19) which includes eight steps as mentioned in
Figure 1.

The final analysis results of the pipeline can be
reported as the initial bioinformatics findings for narrow-
ing down the analysis and framing scientific questions,
toward new collaborative publications. We could apply
the pipeline to each of the time-course gene expression
datasets under one experimental or biological condition.
Furthermore, simple comparison functions between two
or more datasets across experimental conditions and/or
from different studies are currently under development for
the pipeline. We published the source code of the ana-
lytic pipeline, so others can use the pipeline and expand
its functionalities.(github.com/j142857z/Pipeline (Original
code)),(github.com/AutumnTail/Pipeline (Updated code)).

Recommendation systems
Data Recommendation: Data recommendation is an
essential part of the GETc platform. The dataset
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Figure 1. Time-course gene expression analytic pipeline.

recommendation function recommends datasets to
researchers based on their publications. The datasets used
for this recommendation system contain data not only from
GEO but also from other sources such as TCGA, ArrayEx-
press, SRA and Clinical Trails. We used only textual infor-
mation of datasets (title and summary) and publications
(title and abstract).

A researcher may have multiple research interests. To
identify the research interests, we implemented a non-
parametric clustering algorithm named Dirichlet process
mixture model (DPMM). More details on DPMM and
its parameter tuning for obtaining better number of clus-
ters can be found in (44). Each researcher had to pro-
vide name and curriculum vitae (CV)/list of publications
to get dataset recommendation. Researcher’s names were
searched in PubMed to get publications (title, abstract, year
of publication). This search may result publications from
other researchers with the same name which was solved
by searching the title of the publication from PubMed
in the CV/list of publications provided by the researcher.
Finally, publications of the authors were clustered using
DPMM to obtain the research topics. For each topic,
datasets can be recommended by calculating cosine similar-
ity of research field/cluster vector and dataset vectors. The
detailed methodology and evaluation can be found in our
previous publication on dataset recommendation (44).

Literature Recommendation: The literature recommen-
dation system recommends literature for datasets. Themost
similar literature for a dataset can be determined simply
by comparing the cosine similarity of the dataset vector
and paper vectors. For developing the literature recommen-
dation system in GETc, we used BM25 as it resulted in
better precision at 10 compared to other embedding meth-
ods such as TF-IDF, word2vec and doc2vec (43). Finally,
we used the title based weighted re-ranking and text nor-
malization methods to improve the retrieved results. The
detailed methods, experiments and results can be found in
our previous publication (43).

Collaborator Recommendation: For each dataset, the
recommendation system suggests some collaborators based
on the recommended literature. We can say that the authors

of the top similar literature for a dataset can be suitable col-
laborators to work with on that dataset. The authors of the
similar articles may have experience working on the dataset
and already published articles using it. Further, the collab-
orators may be recommended for each dataset by ranking
the unique authors of the retrieved similar articles. For a
dataset (d), the score for each unique author of similar
articles can be calculated using Equation (1).

AuthorScorei =
n∑
j=0

SimScorej ∗weight (1)

weight=


0 if Ai /∈ Pj

1 if Ai is the first or last author in Pj

0.1 if Ai is not first or last author in Pj

where AuthorScorei is the score for ith author calcu-
lated over all the retrieved similar articles (P= P0,P1, ...Pn)
for d. n is the number of total retrieved article for d.
SimScorej is the similarity score of d and jth article (Pj).

Higher weights were provided to the first and last
authors of each similar article whereas less weights were
provided to all other authors. Finally, the authors with
the highest scores were recommended as the collaborators
for d.

The top 1000 recommended publications from the
above literature recommender for a single dataset were
used for identifying collaborators for that dataset.
Furthermore, authors’ affiliations provided in papers were
parsed using the affiliation_parser(github.com/titipata/
affiliation_parser) package and the distance between the
recommended collaborators’ and the user’s current location
was calculated using geopy(geopy.readthedocs.io) pack-
age to show a distance-based relevance of user and
collaborators.

GETc Platform

In this work, we developed an interactive web-based plat-
form, called GETc, to facilitate collaboration and sharing
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Figure 2. High-level architecture of the GETc platform.

of the analytic results of our pipeline on time-course gene
expression data from GEO to the general research commu-
nity. We have identified 555 time-course gene expression
datasets with more than 7 time points from GEO. We
applied our analytic pipeline on 37 of those datasets (results
in Section 4). The output of the analytic pipeline for each
dataset is folder of files containing intermediate and final
analytic results, tables, graphics/plots and documents. The
output also includes an automatically generated analysis
report for each dataset.

Platform users could interactively search, browse and
identify particular datasets and corresponding results of
interest. They can visualize and review the analysis results
including figures and tables, which can be easily down-
loaded via the platform web-based user-interface. For the
unprocessed time-course gene expression datasets included
in the platform, users can request to execute the pipeline.
The platform also provides its users with recommenda-
tions by employing the recommendation systems described
in Section 3.2.2. It recommends literature for time-
course gene expression datasets, potential collaborators for
extracting scientific insights from the analytic results. It also
recommends datasets to researchers. Figure 2 shows the
overview of GETc platform. GETc platform executes the
tasks mentioned inside the green box.

Users of the platform can search for a time-course
dataset using keywords and phrases and see the literature
available, significant gene lists, gene clusters and prospec-
tive collaborators for that dataset. A screenshot of search
and view dataset functionalities is shown in Figure 3. The
dataset can be searched if any of the searched keywords
matched with the dataset id, title, abstract or platform
organism. The datasets retrieved can be filtered using dis-
ease or cell type provided on the left side tree view or right
side pie charts. The disease types are extracted from human
disease ontology (40).

Results and discussion

The results of the analytic pipeline which we applied on
37 time-course gene expression cancer datasets from GEO
are presented in Table A1. For each dataset with different
conditions, the table shows the number of DRGs, num-
ber of GRMs, number of time points, cancer type, cell
line, the organism, vitro or ex vitro or in vitro or in
vivo and species (human or mouse/rats species). MCF10A,
MCF7, HeLa and other widely used cell lines are tested in
these datasets. These cells lines are originated from vari-
ous types of cancers such as breast cancer, cervical cancer
and leukemia. Also, treatments in these datasets target
several essential cancer pathways, such as NFkB, EGFR
and hedgehog. These classifications will help researchers
perform meta-analyses to identify common/key genes and
GRN in a certain type of cancer.

Evaluating recommendation systems are challenging
because no benchmark nor prior true annotation exists for
either dataset recommendation or dataset-driven literature
recommendation. For that reason, we performed a man-
ual evaluation by asking expert human judges to rate the
recommendation of systems using one to three ‘stars’ scale
based on the relevance (1: not relevant, 2: partially relevant,
3: most relevant).

We evaluated the recommendation systems using strict
and partial precision at 10 (P@10). Strict considers only
3-star, while partial considers both 2- and 3-star results.
The developed dataset recommendation system was eval-
uated with five judges who have worked on the datasets
before. The system obtained P@10 (strict) and P@10 (par-
tial) of 0.61 and 0.78, respectively. For the literature recom-
mendation, we considered 36 datasets for evaluation and
the human judges have already worked on these datasets
earlier. The proposed system obtained 0.80 and 0.87 of
P@10 (strict) and P@10 (partial), respectively.

No gold standard dataset for evaluating collaborator
recommendation is available to date. Similar to literature
recommendation, evaluating our collaborator recommen-
dation system was a challenging task, as it requires time to
work with collaborators and only then they can provide
feedback for system’s output. We are currently working
with additional multiple collaborators to evaluate the out-
put of the system and generate feedback that we can use to
assess the system’s quality in the future.

A screenshot of literature (top right corner) and collab-
orator (bottom right corner) recommendations for dataset
GSE14103 is provided in Figure 4. For a selected dataset on
the platform UI, the literature recommendation system will
generate a list of related papers recommended for users. The
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Figure 3. Search and view datasets in GETc research platform.

Figure 4. A screenshot of recommended literature and collaborators for GSE14103.

recommended list of collaborators can be sorted by name
or distance. We have a plan to implement a search function
which will allow users to search for collaborators based on
the preferred city.

We believe the functions of GETc are very useful
for researchers from the biomedical genomics community
to present and communicate large numbers of analysis
results. In addition to datasets from GEO, we are currently

expanding the platform with new time-course datasets
from other repositories such as TCGA, SRA and ImmPort.
We applied the ODEs in the process of constructing the
high-dimensional gene regularity network where having at
least 8-time points was essential for the identifiability of
the corresponding model. Thus, only datasets with more
than or equal to 8-time points can be processed with our
pipeline.
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Conclusion

In this work, we developed a novel research platform
called GETc for sharing data and analytic results of time-
course gene expression datasets from GEO to improve
the dataset reusability. It is built on top of an analytical
method based on the ODEmodel for analyzing time-course
gene expression data. GETc platform provides means to
efficiently search and retrieve data, results, and facilitate
collaboration through recommendation of related litera-
ture and potential collaborators corresponding to datasets.
This platform also hosts a dataset recommendation system
which will help researchers in biomedical domain to search
datasets based on their publications. This will hopefully
lead to better data reuse experience. We believe that the pro-
posed novel idea and computational platform could also be

applied to other types of data from different databases or
data repositories.
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