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Abstract
Big data analytics is an emerging research area with many sophisticated contributions in the actual
literature. Big data analytics aims at discovering actionable knowledge from large amounts of big
data repositories, based on several approaches that integrate foundations of a wide spectrum of
disciplines, ranging from data mining to machine learning and artificial intelligence. Among the
concrete innovative topics of big data analytics, temporal big data analytics covers a first-class role and
it is attracting the attention of larger and larger communities of academic and industrial researchers.
Basically, temporal big data analytics aims at modeling, capturing and analyzing temporal aspects
of big data during analytics phase, including specialized tasks such as big data versioning over time,
building temporal relations among ad-hoc big data structures (such as nodes of big graphs) and
temporal queries over big data. It is worth to notice that temporal big data analytics research is
characterized by several open challenges, which range from foundations, including temporal big
data representation and processing, to applications, including smart cities and bio-informatics tools.
Inspired by these considerations, this paper focuses on models, paradigms, techniques and future
challenges of temporal big data analytics, by reporting on state-of-the-art results as well as emerging
trends, with also criticisms on future work that we should expect from the community.
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1 Introduction

Big data analytics is an emerging research area with many sophisticated contributions in
the actual literature (e.g., [28, 18, 7, 21]). Big data analytics aims at discovering actionable
knowledge from large amounts of big data repositories, based on several approaches that
integrate foundations of a wide spectrum of disciplines, ranging from data mining to machine
learning and artificial intelligence. Among the concrete innovative topics of big data analytics,
temporal big data analytics covers a first-class role and it is attracting the attention of larger
and larger communities of academic and industrial researchers (e.g., [9, 26, 10, 24, 32]).
Basically, temporal big data analytics aims at modeling, capturing and analyzing temporal
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aspects of big data during analytics phase, including specialized tasks such as big data
versioning over time, building temporal relations among ad-hoc big data structures (such as
nodes of big graphs) and temporal queries over big data. It is worth to notice that temporal
big data analytics research is characterized by several open challenges, which range from
foundations, including temporal big data representation and processing, to applications,
including smart cities and bio-informatics tools.

Temporal big data analytics arise in many application scenarios. Consider, for instance,
the case of social networks. Here, the user content (such as posts, pictures, videos, etc.)
identify a very large big data repository, while the relationships among users and contents,
users and users, etc., across time, define an evolving temporal big data set. Basically, for
each reference timestamp, namely ti, ti+1, ti+2, . . . , we have a different big data set, namely
B = {B(ti), B(ti+1), B(ti+2), . . . }. How to make analytics across the various big data sets
B(ti), B(ti+1), B(ti+2), . . . in B? For instance, what was the most frequent itemset pattern
of posts of the user Bob at timestamp tj and what the one at timestamp tj+k? Furthermore,
what is the intersection set of Facebook common friends of Bob and Alice at timestamp tj

and what the one at timestamp tj+k? How common friends ave evolved (e.g., removing old
friends or adding new friends) across time? The latter one are simplest temporal big data
analytics patterns, which can be further developed towards more complex ones, for instance
based on multidimensional analytics (e.g., [19, 8, 11]).

In all the described settings, temporal big queries play a critical role. How to query
“historical” big data repositories? In order to to this, first a suitable representation model for
capturing the temporal aspect of big data must be introduced. The most popular approach
to this end is presented by straightforward application of classical models for temporal
databases, but targeted to the specific big data environment, thus, considering, for instance,
scalability issues (e.g., [22, 2, 20]). Here, big data objects are associated with a proper
timestamp, according to three different schema, namely valid time, transaction time, and
decision time. According to the first schema, given a big data object Ok, the reference
timestamp associated to Ok, namely tk, is the time period during which a fact is true in the
real world. According to the second schema, tk is the time at which a fact was recorded in
the database. Finally, according to the third schema, tk is the time at which the decision was
made about the fact. Based on the given temporal data model, given a big data repository
B, a temporal big query over B referring to timestamp tk, denoted by Q(B)tk

, retrieves
from B all the big data objects in B associated to the timestamp tk and that satisfy the
query predicates in Q (e.g., aggregation predicates – [30, 15]). Formally, a temporal big data
analytics A over B, is defined as a collection of analytical functions A = {f0, f1, f2, . . . , fn−1}
such that every analytical function fj is defined on top of a collection of a set of temporal
big queries Q = {Q(B)tk

, Q(B)tk+1 , Q(B)tk+2 , . . . Q(B)tk+m−1}. fj can be of different nature,
for instance based on OLAP analytics (e.g., [6, 16, 13]).

The above described model based on temporal big queries can be easily extended to more
complex procedures, including, for instance, data mining programs and machine learning
procedures, still parameterized by timestamp. In this vest, the integration of the latter
temporal big data analytics model with emerging NoSQL databases (e.g., [29]) turns to be
very interesting.

Inspired by these considerations, this paper focuses on models, paradigms, techniques
and future challenges of temporal big data analytics, by reporting on state-of-the-art results
as well as emerging trends, with also criticisms on future work that we should expect from
the community. The remaining part of this paper is organized as follows. In Section 2, we
provide a brief overview of most relevant state-of-the-art proposal for temporal big data
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analytics appearing in literature. Section 3 is devoted to the description of most relevant
emerging challenges and open issues for temporal big data analytics. Finally, in Section 4,
we derive conclusions of our research.

2 Temporal Big Data Analytics: State-Of-The-Art Proposals

Inspired by considerations reported above, temporal big data analytics is a rich area of
research. As a consequence, there exist in literature a number of relevant proposals, with
many interesting scientific as well as industrial outcomes. Here, we outline some of the most
relevant ones.

[9] focuses on the issue of supporting temporal analytics on big data for web advertising.
For instance, they consider display advertising that makes use of Behavioral Targeting (BT)
to select ads for users based on prior searches, page views, etc. Previous work on BT has
focused on techniques that scale well for offline data using Map-Reduce (M-R). However,
this approach has limitations for BT-style applications that deal with temporal data: (1)
many queries are temporal and not easily expressible in M-R, and moreover, the set-oriented
nature of M-R frontends such as SCOPE is not suitable for temporal processing; (2) as
commercial systems mature, they may need to also directly analyze and react to real-time
data feeds since a high turnaround time can result in missed opportunities, but it is difficult
for current solutions to naturally also operate over real-time streams. The contributions of
the paper are twofold. First, authors propose a novel framework called TiMR, that combines
a time-oriented data processing system with a M-R framework. Users perform analytics using
temporal queries – these queries are succinct, scale-out-agnostic, and easy to write. They scale
well on large-scale offline data using TiMR, and can work unmodified over real-time streams.
They also propose new cost-based query fragmentation and temporal partitioning schemes
for improving efficiency with TiMR. Second, they show the feasibility of this approach for
BT, with new temporal algorithms that exploit new targeting opportunities. Experiments
using real advertising data show that TiMR is efficient and incurs orders-of-magnitude
lower development effort. The proposed BT solution is easy and succinct, and performs
up to several times better than current schemes in terms of memory, learning time, and
click-through-rate/coverage.

[26] considers, instead, temporal event tracing on big healthcare data analytics. The study
presents a comprehensive method for rapidly processing, storing, retrieving, and analyzing
big healthcare data. Based on NoSQL, a patient-driven data architecture is suggested to
enable the rapid storing and flexible expansion of data. Thus, the schema differences of
various hospitals can be overcome, and the flexibility for field alterations and addition is
ensured. The timeline mode can easily be used to generate a visual representation of patient
records, providing physicians with a reference for patient consultation. The sharding-key is
used for data partitioning to generate data on patients of various populations. Subsequently,
data reformulation is conducted as a first step, producing additional temporal and spatial
data, providing cloud computing methods based on query-MapReduce-shard, and enhancing
the search performance of data mining. Target data can be rapidly searched and filtered,
particularly when analyzing temporal events and interactive effects.

[10] deals with the challenge of defining and implementing temporal data analytics
on COVID-19 data with ubiquitous computing. Authors argue that, with technological
advancements in computing and communications, huge amounts of big data are generated
and collected at a very rapid rate from a wide variety of rich data sources. Embedded in
these big data are useful information and valuable knowledge. An example is healthcare and
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epidemiological data such as data related to patients who suffered from viral diseases like
the coronavirus disease 2019 (COVID-19). Knowledge discovered from these epidemiological
data via data science helps researchers, epidemiologists and policy makers to get a better
understanding of the disease, which may inspire them to come up ways to detect, control
and combat the disease. In the paper, authors present a temporal data science algorithm for
analyzing big COVID-19 epidemiological data, with focus on the temporal data analytics with
ubiquitous computing. The algorithm helps users to get a better understanding of information
about the confirmed cases of COVID-19. Evaluation results show the benefits of the
proposed system in temporal data analytics of big COVID-19 data with ubiquitous computing.
Although the algorithm is designed for temporal data analytics of big epidemiological data, it
would be applicable to other temporal data analytics of big data in many real-life applications
and services.

[24] moves the attention on large-scale smart grids, with specific temporal, functional and
spatial big data computing features. Indeed, with the deployment of monitoring devices, the
smart grid is collecting large amounts of energy-related data at an unprecedented speed. The
smart grid has become data-driven, which necessitates extracting meaningful data from a
large dataset. The traditional approach of data extraction improves the computing efficiency
in temporal dimension, but it is made for only one task in the smart grid. Moreover, the
existing solutions neglect the geographical distribution of computing capacity in a large-scale
smart grid. The future large-scale smart grid will run over the internet of energy where the
dataset will be sent to a specific destination along power routers hop-by-hop. Consequently,
authors design a novel temporal, functional and spatial big data computing framework for
large-scale smart grid. In functional dimension, they divide every dataset into sub-groups,
each of which has data items shared by different tasks. In spatial dimension, they determine
which location the power router should be placed to harvest computing resources used
for extracting the sub-group of data items. The proposed method achieves a promising
computing efficiency approaching to the optimal solution with 95 percent convergence ratio,
and it saves the in-path bandwidth with 81 percent improvement ratio over benchmarks.

Finally, [32] considers the specific application scenario represented by scientific big data
analytics and, in particular, text-based temporally linked event networks in such a scenario.
Authors recognize that events formulate the world of the human being and could be regarded
as the semantic units in different granularities for information organization. Extracting
events and temporal information from texts plays an important role for information analytics
in big data because of the wide use of multilingual texts. Based on these considerations,
the paper surveys existing research work on text-based event temporal resolution and
reasoning including identification of events, temporal information resolutions of events in
English and Chinese texts, the rule-based temporal relation reasoning between events and
relevant temporal representations. For the scientific big data analytics, authors point out the
shortcomings of existing research work and give the argument about the future research work
for advancing identification of events, establishment of temporal relations and reasoning of
temporal relations.

3 Temporal Big Data Analytics: Emerging Challenges and Open Issues

Temporal big data analytics opens several new and challenging research perspectives. In the
next, we focus the attention on those that have been scored as relevant by our study.
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Big Temporal Data Representation. As mentioned in Section 1, the first issue to face-off
is represented by how to model and capture big temporal data for supporting temporal big
data analytics effectively and efficiently. This involves in devising suitable temporal big data
models, which must also consider scalability issue of big temporal data processing (e.g., [5]).
On the other hand, another relevant aspect of big temporal data to consider is their clear
multi-granularity nature, according to which the same (big) data appear in different scales
and resolutions (e.g., year, quarter, month, and so forth – [4]). How to represent this special
feature effectively and efficiently? Cloud computing environments, with well-known elastic
metaphors (e.g., [1]), seem to be the most promising computational solutions to be considered
by future research efforts.

Big Queries on Big Temporal Data Repositories. Big queries on big temporal data
repositories is an exciting new challenge that is critical for temporal big data analytics, like in
some related cases (e.g., [31]). Basically, considering that big temporal data repositories are
characterized by a strong heterogeneity, big queries appear in several formats (e.g., tree-like
queries, graph-like queries, and so forth) and, as a consequence, the big query optimization
and evaluation layer of a hypothetical temporal big data analytics engine should include
several characteristics and functionalities, such as query translation and query rewriting
(e.g., [23]). In this respect, the implementation on top of MapReduce framework seems a
promising direction to follow.

Machine-Learning-Based Temporal Big Data Analytics. Temporal big data analytics
are usually based on a core methodology that characterizes their analytical functions (see
Section 1). Among several alternatives, machine-learning-based temporal big data analytics
should be considered as the most sophisticated collection of techniques available in literature
(e.g., [27]). Indeed, machine learning techniques are flexible enough to deal with big temporal
data, and to support the relevant knowledge discover process from such big data repositories
effectively and efficiently. A wide family of proposals are available in actual literature,
and they can be applied to the issue of supporting temporal big data analytics in real-life
application scenarios (e.g., smart cities, sensor networks, IoT systems, and so forth).

Uncertainty and Imprecision in Temporal Big Data Analytics. Big temporal data are
naturally affected by uncertainty and imprecision (e.g., [17]), due to several reasons, among
which data transmission errors and human data entry errors are just two possible instances.
How uncertainty and imprecision of big temporal data impact on the accuracy and the
global-quality of temporal big data analytics procedures built on top of them? This is a
critical question that future research efforts must consider seriously. To this end, probabilistic
temporal big data analytics models (e.g., [12]) seem to be a solid paradigm to be considered.

Privacy-Preserving Temporal Big Data Analytics. Temporal big data analytics usually
access sensitive data. To be convinced of this, consider the case of temporal big data analytics
developed in the contest of federated healthcare systems. Here, a massive amount of personal
data (e.g., [3]) are accessed and processed in order to derive suitable analytics for decision
making. How to design and devise privacy-preserving temporal big data analytics models
capable of preserving the privacy of sensitive (e.g., personal) data while not lowering the
degree of accuracy and decision-making-support of the target temporal big data analytics?
The latter question will be an annoying challenge for many years to come (e.g., [14]).

TIME 2021
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4 Conclusions

In this paper, we provided a comprehensive overview of state-of-the-art temporal big data
analytics techniques and algorithms, by highlighting their benefits and limitations. As
a further contribution of our work, we have also provided a discussion on open research
challenges and future directions in this scientific field, aiming at achieving a significant
milestone to be exploited by forthcoming research efforts. Last but not least, we firmly
believe that innovative and emerging application scenarios (e.g., [25]) will provide more
insights and inspiration to the research community for the future years.
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