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Abstract. Big Data (BD) is everywhere and quite a lot of benefits have been
derived from its usage by different organizations. Notwithstanding, there are still
numerous technical and research challenges that must be tackled to comprehend
and gain its full potential. The major challenges of BD are not just its pro-
cessing, storage and analytics, there are also challenges associated with it that
run across the BD value chain such as the data collection phase, integration and
the enforcement of quality. This paper propose a DQ transformation model to
evaluate BD quality from the data collection phase through to the visualization
phase involving both data-driven and process-driven quality evaluation by
assessing the quality of data itself first then assessing the process quality. This is
still an ongoing research and hopefully will be experimented using specific Data
Quality Dimensions (DQDs) like completeness, consistency, accuracy and
timeliness with process quality dimensions such as Throughput, response time,
latency with their corresponding metrics.
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1 Introduction

Going by the wide acceptance and usefulness of BD by several organizations, it comes
with some challenges. These challenges are recognized in [1] namely: DQ, adequate
characterization of data, interpreting correctly the results, visualization of data, real
time data view versus retrospective view and determination of the importance of
projects and results. The challenge that is fiddlier is DQ, which is, ensuring quality in
the BD. Realizing high quality of data has always been a significant element of data
management in business organizations due to the fact that it could help the organiza-
tions in articulating or enhancing their business strategies for better decision making.
Organizations have suffered a lot from the effects of poor DQ such as wrong decision
making, increase in production cost and the ability to satisfy their various customers
[2]. Besides, with the vast amount of BD with unknown quality [3], the speed at which
they are being exchange and in the various formats and structure they are created, DQ
is far from being fetch. Business organizations such as online retailers are gradually
taking advantage of data to increase discernibility into expenditures. The recent
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research works such as [4–8] proposed some kinds of good initiatives for the inte-
gration of DQ in BD, but, most of the initiatives did not evaluate DQ across the BD
value chain (from data collection to the visualization phase). Only a few initiatives
proposed all-inclusive solutions to guarantee BD quality and there’s still requirements
for that in organizations such as the online retail. It is vital to ensure the construction
and implementation of DQ across the BD value chain. Therefore, this paper propose
DQ model to implement quality of data across the BD value chain.

2 Big Data and Data Quality

According to [9], BD is a used to describe massive data sets that are of diverse format
created at a very high speed, the management of which is near impossible by using
traditional database management systems. According to [10], BD does not only con-
cern the large volume of data but it also includes the ability to search, process, analyze
and present meaningful information obtain from huge, varied and rapidly moving
datasets. These three attributes lead to the foundational definition of BD regarding
volume, variety, and velocity. Data are created from an extensive range of sources such
as social media, the internet, databases, websites, sensors, and so on. But before these
data are stored, processing and cleansing with the help of numerous analytical algo-
rithms are performed on them [11]. However, because of the nature of BD, oftentimes,
organizations encounter issues and challenges. These concerns and challenges need to
be looked into to make proper business decisions prospectively. The researchers in [12]
identified the challenges and the most risky of them all is DQ.

It has not been easy to define the concept of DQ [13]. Notwithstanding, the defi-
nition has been given by various researchers since the days of the traditional data. DQ
is defined as fitness for use and being able to meet the set purpose by the user [14, 15].
The Authors on recent researches in DQ such as [4, 6, 16–18] have proposed some
ideas relating to DQ. Some of them even delivered all-inclusive solutions guaranteeing
quality across the BD value chain which is a good significant progress in this research
area. Nonetheless, there’s still room for improvement of DQ. According to [19], it was
pointed out that improvement of DQ involves approaches of data-driven and process-
driven. Data-driven handles the data the way it is, making use of methods and actions
like cleansing to enhance the quality of the data while Process-driven strategy tries to
detect originating poor DQ sources then redesigns the way the data is produced. DQ
problems exist, right before the introduction of BD in the field. Because of these joint
issues, the processes of BD cleaning and sifting are phases to be implemented before
the analyses of data with quality that is unknown. [20] pointed out that DQ problems
are more pronounced when dealing with data from multiple data sources. This problem
obviously multiplies the data cleansing needs. Also, the huge amount of data sets that
comes in at an unprecedented speed creates an overhead on the cleansing processes
[17]. With the magnitude of data generated, the velocity at which the data arrives, and
the huge variety of data, the quality of these data has left so much to be desired which
cost organizations billion dollars yearly [21, 22].
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3 Data Quality Requirements for Big Data

This section provides the description of DQ requirements for carrying out effective and
efficient evaluation and assessment of DQ across BD value chain. These requirements
include Data Quality Dimensions (DQDs) and their associated metrics. Data process
quality and their metrics as introduced by [6].

3.1 Data Quality Dimensions

DQ is measured using multiple dimensions. A DQD is a characteristics or information
part use for data requirements. DQD affords us the way to measure and manage DQ [6,
16, 23–25]. DQDs sometimes in the literature are referred to as characteristics, or
attributes [26]. There are many DQDs in the literature but they are usually categorized
into intrinsic and contextual. Intrinsic DQDs deals with the schema of the data and
contextual deals with the values of the data [27, 28]. The commonly used DQDs for
BD are the intrinsic DQDs which includes: Completeness DQD, Consistency DQD,
Accuracy DQD and Timeliness DQD [29, 30].

In addition, for the evaluation of data process-driven quality, [7] introduced some
DQDs which are associated with BD quality across the chain of BD. Some of these
DQDs are namely: 1. Latency: which measures the delay in receiving the results of the
processed data. 2. Response time: refereeing to the maximum time it takes to process
the data records. 3. Throughput: refers to the number of processed records over a period
of time. 4. Capacity: means the maximum number the processes run concurrently and
to add the fifth one – Scalability: This has to do with the hardware- showing how much
the hardware can scale the processing of the data.

3.2 Data Quality Metrics

DQ metrics measures specific properties of a DQD. This evaluates the extent of the
presence of the DQD within the dataset. All DQDs are associated with one or more
than one metric [7]. Table 1 shows different DQDs with their associated quality
metrics.

Table 1. Data quality dimensions and metrics

Data quality
dimension

Description Metrics functions

Completeness Null or missing values in the data set Comp ¼ Nnv
N

� �

Consistency Consistency in the format and structure of
data values

Cons ¼ Nvc
N

� �

Accuracy Error free data Acc ¼ Ncv
N

� �

Timeliness Currency and volatility of the data TMa = (1 − CMa /
VMb)
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3.3 Metadata

Metadata is referred to as data about data [31]. It provides information that are pertinent
to data like the quality or provenance of the data. Using metadata is a stress-free and
faster way of data features extraction and process. The description of metadata is
represented by making use of vocabularies which are of definite models and standard
[32]. According to [7], Java Script Object Notation (JSON) [31], is a standard of
metadata that is used to signify large dataset into a structure built property graph
models.

4 Related Research Works

Studies have been carried out to address DQ assessment and evaluation on other
organizational data. The researchers in [20] pointed out there’s increment in DQ issues
when dealing with data from numerous sources. Furthermore, the authors in [33]
proposed a classification model and categorized the DQ issues during data prepro-
cessing according to (i) errors correction, (ii) unstructured data to structured conversion
and (iii) integrating data from various sources of data. With the inception of BD, [34]
looked at data provenance as a pertinent data source to enable the evaluation of its
quality. Data provenance refers to a concept being used for databases that are dis-
tributed with business and scientific data for the evaluation of the DQ. Tracing of data
from its gathering through any transformation until the data visualization can be done
by provenance data. The authors in [35] did something like that by proposing a
multiple layer framework for data provenance collection. Another proposal is by [36]
providing data cleaning tools for BD. The researchers called it NADEEF and this idea
was extended in [30] handling the quality issues of data streaming. Furthermore, [37]
proposed data semantics to guarantee the consistency of DQ dimension for BD. The
replication of data with consistency below an efficient network bandwidth optimization
was achieved. Literature also include extensive explanations on the identification and
discussions on DQ issues and challenges [38, 39]. In fact, [38] proposed a more
inclusive process for DQ assessment for the evaluation of BD quality after identifying
the main challenges of DQ in BD. Nevertheless, [40] distinguished objective DQ
assessment from subjective DQ assessment for identifying quality inconsistencies and
suggest actions for enhancement.

None of the authors from the above research work conducted addressed BD quality
across the BD value chain. Only a few studies in the literature attempted to do that. For
example, [41] proposed a framework for the integration of different DQ areas and find
out the assessment of DQ dimensions. Also, [42] proposed a cross layer approach the
assessment of DQ. The approach was applied to trustworthiness evaluation of sensory
data. Furthermore, in the efforts to provide an all-inclusive DQ assessment and eval-
uation, a recommendation system for repairing data was proposed by [43]. This scheme
is to handle degradation in DQ. And the authors in [44] proposed a framework for the
evaluation and management of social media DQ all through the BD value chain. The
framework was extended and evaluated in [44] by implementing a reference
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architecture for DQ management in social media data. So far so good, there’s still room
for more research work in the literature to address product DQ issue of DQ in BD.

To address the above challenges relating with BD quality across the BD value
chain. This paper is proposing a model for quality evaluation and assessment of BD
from its collection until visualization enforcing DQ at all phases.

5 Proposed Research Model

Figure 1 below gives the description of the key processes constituting the BD trans-
formation model for assessing DQ. The processes consists of about six phases namely:
BD collection, the pre and post BD quality evaluation, BD processing and analytics
evaluation and the finally the quality evaluation of the BD visualization phase. The
phases will work together for the achievement of a comprehensive assessment of
quality across the chain. The dataset that will be used for this study will be online retail
product data from different heterogeneous sources online.

Data 
Collection 

Quality 
Evaluation

Pre-BDQ 
Evaluation

Pre-
Processing
Quality 
Evaluation 

Visualiza-
tion Quality 
Evaluation

Processing & 
Analytics 
Quality 

Evaluation

Post-BDQ 
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2. Timeliness
3. Accuracy
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2. Consistency
3. Accuracy
4. Timeliness
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Activity
1.Transformation
2. Cleansing
3. Filtering
4. Normalization
5. Approximation
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PQ Metrics
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Fig. 1. A model for assessing quality issues in Big Data value chain
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Phase 1: Data Collection
This is the phase where the data will be collected from the sources and stored on a
temporary storage location. Due to the volume of the BD, Bootstrap sampling tech-
nique will be used to sample the data. The DQ metrics expected to be measured here
are timeliness, latency and accuracy of the process of the data extraction and/or
collection.

Phase 2: Pre-Big Data Quality Evaluation
This evaluation is going to be performed on the collected data itself (data-driven quality
evaluation) before data preprocessing. The essence of this is to have a knowledge of the
percentage of DQ to be able to choose the appropriate preprocessing activity that would
be applicable. The DQDs that will be measured here will be completeness, consistency,
accuracy using their metrics.

Phase 3: Data Pre-Processing Quality Evaluation
In this phase, the result of the previous phase will determine which of the preprocessing
activity will be selected and performed on the dataset. Owing to the diversity of the
data sources, the data might have been collected with diverse quality levels containing
for example, redundancies or noise. Also, some data analysis applications and methods
could involve requirements that are stringent or specific on DQ. Hopefully, in this
phase, we could improve on throughput, accuracy and response time of the processes
and the reliability and scalability of the systems.

Phase 4: Post-Big Data Quality Evaluation
The post DQ evaluation will be carried out after the preprocessing activities to prove
that the percentages of the DQ has improved compared to the results obtained in the
phase before the preprocessing. It is also going to be a data-driven quality evaluation
measuring the same DQDs, that is, completeness, consistency, accuracy with their
associated metrics.

Phase 5: Big Data Processing and Analytics Quality Evaluation
This phase involves applying machine learning procedures and methods of data mining
leading to a required results of DQ. Here, the same preprocessing metrics (throughput,
accuracy and response time) will be measured for the evaluation processing and ana-
lytics quality.

Phase 6: Big Data Visualization Quality Evaluation
To view and validate data result of data from the BD value chain is the process of
visualization. The presentation of data will be done here using diverse sorts of views
such as graphs, monitoring results summary, reading patterns. DQDs metrics such as
quality of data representation, user satisfaction will be used for evaluating this phase.

6 Conclusion and Future Work

There is an urgent need for researcher in both industry and academia to give more
attention to evaluation and assessment of BD quality because there are only few
initiatives so far that addressed this vital aspect of BD. Thus, this paper proposed a
model to tackle this problem. The model will handle the evaluation and assessment of
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BD from the data collection phase all through to visualization phase using both data-
driven and process driven quality. This is research in progress and the future work will
be the implementation of the proposed model.
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