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Abstract

This editorial paper pinpoints the paramount importance of data quality in both computer science and information technology, 
especially nowadays, when data is the key world asset.
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Introduction

Data was always important to mankind: from the dawn of civi-
lization (Where do you find good shelter, water, and wood for fire? 
Where do you find best places to capture animals, fish, fruits, etc.?) 
and until nowadays (be it scientific, commercial, governmental, 
private, etc.), its importance ever grew exponentially. 

Historically, first efforts towards acquiring data were made 
in astronomy, starting some 4 millennia ago, for correctly divid-
ing time in years, seasons, months, days, hours, minutes, for com-
puting distances from Earth to other celestial bodies, predicting 
eclipses, navigating, etc., by both Babylonians, Egyptians, Greeks, 
Indians, Chinese, etc. Then, Euclidian geometry emerged mainly 
from the need to correctly delimit agricultural land between ad-
jacent owners.

Today, data is a key asset of us all (e.g. [23]). According to The 
Economist [14], data is already the most valuable resource in the 
world, ahead of oil. This is no surprise, as 97% of companies use 

data to power their business opportunities and for 76% of the 
businesses data serves as an integral part of forming their business 
strategies (e.g. [28]).

Very probably, one of the most memorable sayings of the previ-
ous century that is increasingly meaningful in the current one as 
well is due to the famous Dr. W. Edwards Deming (known, among 
other, as the father of continual improvement of quality): “In God 
we trust; all others must bring data” [12].

But is any data worth? Especially in this more and more polluted 
by fake news century (e.g. [33]), obviously not. And it is not at all 
only about fake data: it is also about unplausible one (e.g. [17]), be 
it generated by human or machine errors.

Driven by Mathematics, their Queen, Sciences (starting with 
Logic, then Geography, Anatomy, Physics, Chemistry, History, etc.) 
did, are doing, and always will struggle to measure and infer only 
quality data - the only data guaranteeing Truth and worthy scien-
tific results.
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Of course that, in the process, lot of poor, unplausible data was 
measured or inferred, but such data was eventually eliminated in 
time. 

Moreover, lot of fake data was generated as well, for deceiving 
adversaries, gaining battles or advantages by all possible means - 
which still and will always exist, but that is out of the scope of this 
editorial that focuses only on computer science and information 
technologies.

Hence, we are among those who consider that data quality 
should be of preeminence in any field of endeavor. Defined as a 
measure of how well suited a data set is to serve a specific purpose, 
data quality is, in fact, based on several measures of its main char-
acteristics: accuracy, completeness, consistency, relevance, validity, 
uniqueness, timeliness, etc. (e.g. [27]).

State-of-the-art

In computer science (but also in logic, analysis, statistics, etc.), 
“Garbage in, garbage out” (GIGO) [25] was from the beginning, is, 
and will always be a supreme axiom. Consequently, checking pa-
rameter data is always a first task for any professional in this field.

But quality input data may not guarantee alone quality output 
one: algorithms’ quality is at least as crucial. Therefore, algorithms’ 
correctness proofs (e.g. [1]), structured ([5,7]) and then object-
oriented programming (e.g. [9,24]), first manual and then, more 
and more, automated software testing (e.g. [3]), and, ultimately, au-
tomatic code generation (e.g. [20-22,30]) were developed and are 
consolidated.

Especially in commercial databases (dbs) data quality is cru-
cial; for example, nobody, be it supplier or customer, would accept 
wrong orders, products, quantities, prices, delivery dates, invoices, 
payments, etc. Therefore, data models include constraints that 
guarantee at least data plausibility (e.g. [16-18,22]). Moreover, 
whenever data models provide lot of constraint types, the coher-
ence and minimality of constraint sets are crucial as well (e.g. 
[19,22]). As such, lot of db architects and cohorts of IT employees 
work daily to prevent and correct any missing or incorrect data in 
these dbs.

To begin with, social media platforms (generally powered by 
nosql db management systems, which do not enforce data plausi-

bility constraints) were almost not at all concerned with data qual-
ity; even worse, for example, they are still compressing photo and 
video files, which is significantly reducing their quality. Recently, 
however, confronted with both bullying, fake news, and terrorism 
propagation, they had to act against them, by monitoring posts, en-
forcing stricter policies, and even banning trolls, but also the for-
mer POTUS (e.g. [32]). Unfortunately, success in this fight is yet not 
at all complete (e.g. [2]).

In Artificial Intelligence, things are much more complicated (e.g. 
[31]). On one hand, there are lot of data cleansing tools [8] that help 
obtaining high quality data. On the other, the data quality issues are 
seriously hindering the speed of AI system implementations (e.g. 
[11]). Biases underlying many historical datasets are a huge prob-
lem as well (e.g. [15]). Even technological giants like Facebook and 
Tesla, which pored lot of money into AI, are merely disappointed by 
the outcome: Mark Zuckerberg is dealing with algorithms that are 
failing to stop the spread of harmful content, while Elon Musk with 
software that has yet to drive a car in the ways he has frequently 
promised (e.g. [26], which recalls as well that AI has also been fall-
ing short in healthcare). This proves that AI still needs more train-
ing and better data.

In particular, in Machine Learning too, until recently, accent was 
merely only on models, with much less attention paid to the quality 
of the data sets on which models were trained. Fortunately, in this 
field too, data sets quality has recently become a priority as well 
(e.g. [29]).

Last, but not least, data quality is the cornerstone of bioinfor-
matics too, especially in the current pandemic framework: govern-
ments, healthcare facilities, MDs, and we all as patients may hope-
fully benefit from quality data in this field, but also suffer potential 
problems and even catastrophic consequences from poor data 
(see, e.g. [4,10,13]).

Unfortunately, research papers on COVID-19 (that are pub-
lished in an unprecedented rate) sometimes need to be retracted, 
due to issues with their data quality [6].

Conclusion

Data was always important to mankind, but recently it became 
its most valuable asset. To be successful in any field of endeavor, 

27

On the Preeminence of Data Quality

Citation: Christian Mancas. “On the Preeminence of Data Quality". Acta Scientific Computer Sciences 3.12 (2021): 26-29.



from science and technology to business, from governing to health-
care, we all need more and more data, but only quality one.

Dually, poor data is compromising anything that is based on it, 
resulting in wrong decisions, money, effort, and time waste, and 
even in increased illnesses and death tolls.

Therefore, since 2012, there is even an international profes-
sional association for those interested in improving effectiveness 
through quality data and information: the IQ International (abbre-
viated as IQint, website home page IQ International - Information 
Quality International).

We strongly believe that much more intelligence, effort, time, 
and money are and will always be needed for guaranteeing data 
quality.

To conclude with, we would rather amend Dr. Deming’s quote 
as: “In God we trust; all others must bring quality data”.
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