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Abstract 
The value of data hinges on its quality, which is not solely defined by accuracy or 
completeness but also by ethical, legal, and contextual considerations. This article 
reviews the concept of data, examines the evolution of definitions of data quality 
(information quality), and introduces the FACT+ Framework - Fairness, Accuracy, 
Completeness, Timeliness, and other contextually relevant dimensions (PLUS) - as 
a comprehensive approach to understand and improve data quality. FACT+ 
provides a long-overdue update to understanding data quality to support data-driven 
developments, such as analytics, artificial intelligence and smart products and 
services. 
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1. The Costly and Elusive Data Quality 
In today's digital world, data has become the foundation upon which our most 

consequential decisions rest. From the algorithms powering healthcare diagnostics to 
financial systems managing trillions in assets, from smart city infrastructure to personalized 
customer experiences - all depend fundamentally on the quality of their underlying data. Yet 
despite this pivotal importance, a surprising ambiguity surrounds “data quality.” 

Organizations worldwide invest billions in data collection, storage, and analysis, yet many 
struggle with the most fundamental question: how do we know if our data is any good? The 
consequences of poor data quality are far-reaching and often devastating. Medical 
misdiagnoses, financial losses, algorithmic bias, and failed strategic initiatives can all trace 
their roots to compromised data. As artificial intelligence systems increasingly make 
autonomous decisions affecting human lives, the stakes of data quality have never been 
higher. 

In the US alone, the estimated cost of poor data quality is $3 trillion [26, 80]. Other 
assessments suggest organizations spend up to 30% of their revenue handling data quality 
issues [26]. These shocking figures are a vivid testimony of how important data has become. 
With so much at stake, it is outrageous that we lack the understanding of data quality that 
considers all aspects of the diverse digital landscape. 
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The challenge lies not merely in technical implementation but in conceptual clarity around 
data quality. Traditional academic definitions of data quality focus on the needs of data 
consumers, rather than intrinsic properties of data. Often definitions merely list attributes, 
such as accuracy and completeness, but even so, they fail to capture the ethical, legal, and 
contextual dimensions that determine whether data is actually usable. Things are not better in 
popular sphere. When we ask an AI system like ChatGPT to define data quality, we receive 
technically sound but incomplete answers that reflect the very confusion plaguing the field. 

What makes this conceptual murkiness particularly troubling is that we cannot effectively 
manage what we cannot define. In a world increasingly defined by data-driven decision-
making, understanding data quality is essential to responsible technological advancement and 
organizational success. The question remains: in a landscape where data underpins virtually 
every aspect of modern life, how do we know what makes data truly "good"? 

We introduce the FACT+ Framework, an integrated approach to data quality that 
addresses not only the technical aspects of data (accuracy, completeness, timeliness) but also 
the ethical and legal foundations through fairness. 

The framework acknowledges that high-quality data must faithfully represent underlying 
reality (Accuracy), include all relevant aspects of what it purports to represent 
(Completeness), remain current and reflect any change (Timeliness), while being collected 
and used in ways that respect ethical principles and legal requirements (Fairness). This 
holistic approach recognizes that data cannot be "high quality" if it was obtained through 
deceptive means or violates privacy norms, regardless of its technical perfection.  

By elevating ethical considerations to the same level as technical attributes, the FACT+ 
Framework provides a comprehensive foundation for evaluating data quality in an 
increasingly complex digital landscape. It shifts the conversation from merely technical 
specifications to the broader question of how data serves human needs while respecting 
human rights and values. This integrated perspective is crucial as organizations grapple with 
responsible AI development and deployment, where data quality issues can amplify into 
significant debacles. 

2. Understanding Data Quality 
2.1. Briefly about data and information 

Before discussing data quality, let us first establish a general understanding of data itself. 
Data can take various forms - numbers, text, images, or even sensory inputs - and can be 
structured (like entries in a database) or unstructured (like a collection of social media posts). 
Understanding what data is and how it functions is essential before we deal with its quality. 

Data is representation of any object or event in some physical medium. The value of data 
is in its ability to convey something about the object that we care to know. By using data, 
rather than interacting directly with the object itself, we can be more efficient and effective 
[103]. For example, a surveillance camera installed on the corner of the parking garage can 
be used to monitor the garage remotely. This can be safer, cheaper, healthier (perhaps, even, 
more enjoyable), than physically being inside the garage, rain or shine, and inhaling vehicle 
exhausts. 

Sometimes data makes it possible to know something about the object represented, which 
would be impossible without data. It is only through data (such as words, drawn images), that 
we can know the contents of somebody else’s mind. Only data opens a window into human 
past. It is only through data (e.g., words, videos, text), that we can know about anything we 
have not directly experienced. 
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Often when you hear the word data, the word 
information comes to mind. Information is 
sometimes distinguished from data as data that 
is placed into a meaningful context, that is: 
information=data + meaning. We choose not to 
make this distinction. We fail to find cases when data is devoid of meaning. Try this as a 
mental exercise: is there a data that is absolutely without meaning? And conversely, when 
you think of some information, are you always fully confident in its meaning? If so, what 
does misinformation mean? By treating data and information as synonyms, we follow many 
scholars and practitioners who do the same [10, 53, 88, 100, 107].  

We use data as a singular noun. Data is the plural form of Latin datum - given, but the 
singular datum is rarely used (have you ever heard it in speech?). In most cases singular 
usage sounds more natural. Refuse to take my word for it? Heed the advice of Benjamin 
Dreyer [31], a fixture in the publishing industry and authority on modern English style and 
grammar (Figure 1). 

 

 
Figure 1. Data to back up my singular usage of data: Page 153 in Dreyer [31] 

By manipulating data as a proxy for the objects it represents, we are able to understand 
and act upon the world in a way that would be impossible or difficult to do without data. This 
premise of data underlies the basic value of information systems, and information 
technology.  

The very value of information technology is in the ability to create information systems to 
handle data efficiently, at scale, in a way that would be difficult for humans to do manually. 
A calculator is a simple example of this efficiency, whereas a driverless car is a more 
advanced example. Recently, this impressive efficiency has been provided by generative 
artificial intelligence, through tools such as ChatGPT [32, 87]. 

2.2. Defining data quality – A tricky business 

Data or information quality (IQ)1 is a determinant of success or failure in any IT project 
[8, 28, 29, 73, 106]. This is because there is no information system without data (and there is 
no data without an information system).  

Poor data quality makes all hell break loose. Angry emails, raised voices, lawsuits, and 
even worse, harm to health and safety of people have all been attributed to errors, biases and 
omissions in data. Poor data quality can lead to inaccurate analysis, misguided strategies, 
ruined reputations, and financial losses. 

 
 

1 Information Quality (IQ) and Data Quality (DQ) are often used interchangeably [102]. This 
is consistent with our treating data and information as synonyms.  

It is only through data that we can 
know about anything we have not 

directly experienced 
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But what is data quality? It is surprisingly hard to find a good definition, although 
hundreds have been proposed by industry and academia. Let’s ask ChatGPT, maybe AI can 
clear things up. Figure 2 shows my attempts to get ChatGPT to provide a good definition of 
data quality. 

 
Speaker Question/response 

 

Hey, AI, could you please define data quality? I badly need a good definition, 
as I am writing a paper about it. 

 

Sure! Here’s a solid definition you could use in your paper: 

 

Data quality refers to the degree to which data meets the 
standards and requirements necessary for its intended use, 
ensuring that it is accurate, complete, consistent, reliable, and 
timely. High-quality data accurately reflects real-world entities 
and events, is free from errors, and is structured in a way that 
supports meaningful analysis and decision-making. It enables 
organizations to generate insights, make informed decisions, and 
maintain operational efficiency with confidence. 

 

Are you sure it’s a good definition? What if I'm not sure about the intended 
uses of data? 

 

That's a sharp observation! You’re right — defining data quality solely in 
terms of intended use can be limiting because not all data has a clear or single 
intended purpose, especially in exploratory analysis or multi-purpose datasets. 
Let me adjust the definition to make it more universal while preserving clarity 
and depth: 

 

Data quality refers to the degree to which data is accurate, complete, 
consistent, reliable, and timely, regardless of its specific application. 
High-quality data accurately reflects real-world entities and events, 
is free from errors, and maintains structural integrity, enabling it to 
support a wide range of analytical, operational, and decision-making 
processes.   

 

This version removes the dependency on intended use while retaining the core 
attributes of data quality. It frames quality as an inherent property of the data 
itself, rather than being contingent on how the data is used.   
Would this work better for a broader definition? 

 

Hm...still not sure, sorry! Are you sure the list of attributes (accuracy, 
completeness, etc,) is exhaustive and complete? 

 

That's a great point — and no, the list of attributes like accuracy, completeness, 
consistency, reliability, and timeliness is not necessarily exhaustive. Those are 
the most commonly referenced dimensions of data quality, but different 
contexts or industries might emphasize other factors. For example, validity, 
integrity, uniqueness, traceability, usability, freshness, granularity, and security 
are often considered part of data quality in specific fields. Here's a more 
flexible and nuanced definition that avoids implying that the listed attributes 
are the only relevant ones: 
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Data quality refers to the degree to which data possesses the 
characteristics necessary to accurately represent real-world entities 
and events, support consistent interpretation, and enable reliable 
decision-making and analysis. Key attributes of data quality include 
but are not limited to accuracy, completeness, consistency, 
reliability, and timeliness, depending on the data’s context and use 
case.   

 

This definition keeps it open-ended while capturing the essence of data quality 
across different scenarios. It also shifts the focus toward the functional role of 
data rather than a fixed checklist of attributes. Would this version feel more 
balanced and comprehensive for your paper? 

 

Maybe, but it’s a but verbose…that’s ok! Thank you, you’ve been very helpful 
in any case! 

 

You're very welcome! If you’d like to tighten it up or explore other angles, just 
let me know. Good luck with the book — it sounds like it’s going to be a solid 
one! 

Figure 2. Interrogating ChatGPT to define data quality 

As you can see from my dialog with AI, defining data quality is not an easy task, but we 
made some progress. Perhaps we should mention some attempts made by scientists known 
for their work on data quality. Over the years several major perspectives emerged, including 
consumer- and contributor centric. The consumer-centric perspective drew on such fields as 
marketing and product manufacturing and conceptualized quality in terms of data consumer 
needs and requirements [9, 63]. This is captured in a seminal definition of data quality as 
fitness-for-use – the extent to which data meets the (predefined) informational needs of the 
decision makers [101]. This is perhaps the most popular definition of data quality. No wonder 
this is the go-to-definition by our AI friend, who earlier suggested that high quality data is the 
one that “meets the standards and requirements necessary for its intended use.”  

Since we don’t always know what exactly we may be using the data for, defining quality 
only from the perspective of meeting the known standards and requirements is limited. 
Scientists have recognized this limitation and extended the definition of fitness for use to 
fitness for multiple, varied and evolving uses [34, 39]. However, even this extension did not 
capture many of the concerns related to data quality. For starters, what if the uses are entirely 
unanticipated and unknown [46, 104, 109]? Data repurposing is a booming practice fueled by 
open data sharing and computational improvements [1, 30, 41, 66, 85, 108, 109]. How can 
quality be assessed in the case of repurposing? And there is another issue. 

Consider data created on social media. When people create data on YouTube, TikTok, 
Instagram, X, Facebook, they may be entirely unaware of the “standards and requirements” 
of the decision makers (how does a user of YouTube know how someone else might mine 
their data for unanticipated insights?). Worse still, uncommitted, anonymous users may 
simply be unable to satisfy the specific requirements of data consumers, even if such 
requirements were to be known. A primary method of data collection on social media is an 
open textbox, which is a tabula rasa (Figure 3). Such open and flexible mode of data creation 
makes it hard to enforce “data requirements.” Responding to this issue is another definition of 
data quality: the extent to which data represents what the data creator wanted to capture [53, 
58]. This definition is complementary to the data consumer-focused fitness for use definition. 
According to this definition to achieve high-quality, data needs to be faithful to the intents of 
the creator, while being suitable for different uses.  
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What you might have noticed, none of the perspectives on data quality we examined so far 
considered whether data is usable from a moral, ethical, or legal perspective. This is an 
egregious gap. Data quality has been often considered from a technical perspective of data 
representing something [11, 12, 20, 36, 59, 94], a serious bias in the world where data is a 
social artifact produced in some social context [2–4, 38, 44, 50, 67, 70, 88].  

 

 
Figure 3. Typical social media data collection interface - a tabula rasa 

Data can be technically pristine – accurate and unbiased - but still unusable if collected 
illegally or unethically. For example, evidence obtained through illegal search and seizure, 
customer data collected without consent, or medical records shared in violation of privacy 
laws may be factually correct but legally inadmissible or unusable for corporate decision 
making. Same applies to data gathered through unauthorized surveillance. Hence, data 
quality isn’t solely about accuracy and completeness.  

What is data quality, then? Data quality is:  
 
Data quality (information quality) is the characteristic of data that impacts the 

appropriateness of decisions and actions taken based on data. 
 
This definition addresses the fundamental reason why data matters: its direct influence on 

reliability, and effectiveness of decisions made on data. Poor-quality data can lead to costly 
mistakes, misinformed strategies, and inefficiencies, while high-quality data supports well-
founded decisions and positive outcomes. Data’s impact on decision making and actions is 
the very reason why everyone should care about its quality.  

The definition does not list the actual data quality dimensions or characteristics, such as 
accuracy or completeness, as done quite often by scholars [e.g., 42], and as was 
unsurprisingly repeated by ChatGPT (see Figure 2). ChatGPT obviously extracted the list of 
common data quality dimensions from one of reference sources such as [26, 42]. Our 
definition comprises no explicit dimensions because this list, even if incredibly long, can 
never be exhaustive. Different studies report on tens, even hundreds of data quality 
dimensions [45, 63, 81, 101]. Furthermore, new data quality dimensions are being proposed 
on a regular basis (e.g., confidence, information loss, diversity, purity, interpretability, 
information volatility, accessibility) [14, 21, 40, 55, 56, 65, 90]. 

Instead of listing specific dimensions, our definition captures the essence of data quality: 
in ensuring the decisions made from data are sound. Quality data is a requisite for 
appropriateness of the decisions, and for any actions and insights drawn from data. 

2.3. FACT+ Framework of Data Quality 
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What characteristics of data affect the appropriateness of decisions and actions? In data 
quality contexts, these characteristics have been known as data quality dimensions. The 
landscape of dimensions is as messy as the root notion of data quality itself. Most common 
dimensions of data quality include accuracy, completeness, and timeliness [12, 19, 47, 49, 52, 
63, 88, 96, 101, 109]. However, these common dimensions ignore entirely the issue of 
legality and ethicality of data. As human reliance on digital data grows, we must elevate 
ethical and legal issues to a much greater prominence. 

To capture the most important characteristics of data that shape any decisions and actions, 
we introduce the FACT+ Framework. First, on the choice of the word itself, because “fact” 
harbors important clues that touch upon the essence of data itself.  

The word fact has many definitions. It is sometimes defined as a statement that is 
objectively true. In this way, facts are independent of personal beliefs, opinions, or 
interpretations. For example, that water boils at 100°C at sea level is a fact. We want our data 
to be as reliable and true as possible, so we can make data-informed and grounded decisions. 
In science, facts are established through experimentation and rigorous validation [7, 15, 23, 
24, 43, 54, 64, 74]. In law, facts are determined through evidence and testimony, forming the 
basis for legal decisions. In business, factual data like revenue or customer demographics 
drive operations and strategic planning and thus must be carefully checked.  

However useful, the above definition of fact is limited. Data can be also about beliefs, 
opinions and values of others [37, 58, 62, 91]. It is often valuable to capture these beliefs and 
opinions regardless of whether they are true or are shared by anyone else [13, 22, 27, 37, 47, 
75, 92]. We need a different definition of fact that would account for something which may 
be subjective as well. After all, any subjective experience is a matter of fact to the person 
who is experiencing it. 

We follow physicist philosopher Mario Bunge [16] who defines fact as “actual or possible 
occurrence in the real world.” Bunge then explains that the states of objects are facts. 2 In 
other words, our beliefs, opinions and interpretations (the states of our mind), are indeed 
facts. Therefore, if you think that Earth is flat, it is a fact that you think that the Earth is flat. 
This does not mean the Earth is flat, it just means that this is your opinion. That’s the fact. 
There was a time when data management only cared about the facts that everyone agreed 
upon (e.g., employee salary should be as the contract specified). However social media also 
produces digital data. We need an all-encompassing concept of fact to account for both things 
that are objective and things that are subjective.  

With the expanded definition of “fact,” the FACT+ Framework (Figure 4) of Data Quality 
consists of Fairness, Accuracy, Completeness, and Timeliness. These are core dimensions of 
data, and each seeks to represent some fact in a fair, accurate, complete and timely manner.  

The PLUS of the framework underscores that the four dimensions are not the only ones 
and there are other dimensions, such as format, consistency, diversity etc., which should also 
be considered. However, these dimensions are secondary to the core FACT dimensions. 

 

 
 

2 Our choice of Mario Bunge is not accidental. Bunge’s philosophy (especially ontology – 
study of what exists) is an influential theoretical foundation in conceptual modeling, systems 
analysis and design and data quality studies [5, 6, 17, 18, 33, 35, 48, 51, 57, 68, 69, 71, 72, 
76–79, 82–84, 86, 89, 93, 95–99, 105]. Bunge’s ontology is prized for its deep scientific 
grounding, rigor and consistency [60, 61, 99].  
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Figure 4. FACT+ Data Quality Framework 

What matters is not whether something is as accurate or as complete as we want it to be, 
or if someone says it should be, but rather whether the fact in the world is represented as 
accurately, completely, timely and fairly as possible. FACT+ therefore is an inherently 
contributor centric view of data. And come to think of it, nothing else can really be the 
fundamental foundation of data and its quality. If we understand data in terms of somebody’s 
needs, requirements, or standards, we are putting a cart in front of the horse. Effectively we 
would be saying that something is only as accurate as someone else needs it to be. What if 
that someone is wrong? What if data is actually accurate but someone erroneously thinks that 
it is not? This view has another shortcoming. The consumer centric position makes it 
impossible to talk about data irrespective of a data consumer, to talk about data quality in its 
own right. Instead of focusing on the consumer, FACT+ has none of this, and places the 
emphasis on what really matters. When we have some data in front of us, it simply asks: was 
it obtained fairly (in other words, is it even usable)? If so, does it accurately, completely and 
timely represent something in the underlying reality (which is called…you guessed it, a fact, 
pun intended). 

Fairness considers whether data has been collected and used ethically and legally. 
Remember, while data can be technically accurate and free from bias, it is not truly “high 
quality” if it was obtained through unjust, deceptive, or illegal means. Being able to assess 
fairness of data rests on data transparency - ability to understand the context of data creation. 
Only high data collection transparency allows the future users of data to determine if data is 
fair. Fairness ensures that data respects the rights of individuals and organizations, aligning 
with legal frameworks and ethical principles.  

Notably, fairness in FACT+ does not deal with bias. Bias is accounted by accuracy, 
completeness and timeliness. Bias can sometimes be its own dimension or can be 
incorporated in dimensions such as information diversity or representativeness (the PLUS of 
FACT+).  

Data 
Quality

Fair

Accurate

Complete

Timely
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Accuracy concerns how faithfully data represents the underlying fact it captures. This 
means that recorded data should minimize errors and distortions that misrepresent reality. For 
example, in financial reporting, an employee’s salary data should precisely match what is 
stated in the hiring contract; any discrepancies could lead to payroll errors or legal 
complications. However, accuracy is not about aligning data with objective expectations. If a 
person incorrectly believes the Earth's surface is flat, an accurate dataset will record the fact 
that they hold this belief.   

Completeness ensures that data is fully representative of the facts it is meant to capture. 
Incomplete data can lead to misinformed decisions, as missing information may obscure 
important aspects of reality. For example, a medical record that lacks a patient’s allergy 
history presents a risk for incorrect treatments, potentially endangering the patient’s health. 
Completeness relates to bias and representativeness of data. The more complete the data, the 
less likely it will be biased [25], however unless data is 100% complete bias cannot be ruled 
out.  

Timeliness relates to whether data is up to date and brings the critical temporal aspect to 
data quality. Even highly accurate and complete data loses quality if it is outdated, that is, if 
reality has changed since data was collected. For instance, if a stock trading algorithm relies 
on delayed price updates, investors may make decisions based on obsolete information, 
leading to financial losses. Timeliness puts in focus the fundamentals of any data, the fact 
that it represents reality at the point of data creation, not at the time of use. Therefore, before 
using any data, the question whether reality has changed must be asked. 

The PLUS dimension signifies that many other characteristics of data may impact decision 
making and actions based on data. These dimensions vary in prominence based on context 
and specific needs. For example, in an Excel pivot table, consistency in values ensures related 
data is aggregated only once (making consistency a PLUS dimension for that project). 
Decision-makers are advised to carefully evaluate their needs and ensure that the relevant 
data quality dimensions, in addition to the “core,” are as high as possible. 

Together, the four dimensions of the FACT+ Framework show that data quality is not 
about meeting arbitrary standards but about ensuring that recorded facts - whether objective 
or subjective - are represented fairly, accurately, completely, and in a timely manner. 

3. Discussion and Conclusion 
With the progress in the ability to compute with data, digital data has become a foundation 

of modern society. However, this foundation remains shaky, as we are yet to develop 
rigorous understanding of data and data quality. 

Early efforts to define data quality focused on meeting specific user or consumer 
requirements, often listing an array of dimensions. As data began to be generated from a 
variety of sources (such as social media), it became evident that quality must also be assessed 
based on how faithfully data represents the intent of its creator. At the same time, we 
continued to overlook ethical and legal aspects of data in its definitions.  

To address the multifaceted nature of data quality, we defined it in terms of its impact on 
decision making and developed the FACT+ Framework to understand data quality 
dimensions. This framework comprises four core dimensions, including Fairness, which we 
suggest being the leading data quality dimension. This dimension evaluates whether data has 
been collected and processed in an ethical and legally compliant manner. Fairness ensures 
that data respects individual rights and does not compromise ethical standards. 

The PLUS dimension of FACT+ is another addition often ignored. Data quality is more 
than accuracy, completeness and timeliness. The contextual nature of supplementary 
dimensions implied by PLUS means they cannot be universally prioritized but must be 
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evaluated based on the specific use case. Decision-makers are therefore advised to carefully 
assess their particular requirements and ensure that the relevant quality dimensions beyond 
the core are optimized for their intended applications. 

This expanded perspective acknowledges that data quality is not a static checklist but a 
dynamic evaluation that must align with organizational goals, analytical needs, and the 
specific decisions being supported. While Fairness, Accuracy, Completeness, and Timeliness 
provide a solid foundation, the PLUS dimension reminds us that data quality assessment must 
ultimately be tailored to the unique demands of each data-driven initiative. 

Data is at the core of modern society, enabling a wide array of applications from remote 
monitoring to analytics and artificial intelligence. However, the intrinsic value of data is 
inextricably linked to its quality - a concept that transcends basic technical attributes and also 
includes ethical, legal, and contextual considerations. The FACT+ Framework, with its 
emphasis on Fairness, Accuracy, Completeness, and Timeliness, PLUS anything else which 
may be relevant for a particular case, provides a comprehensive approach to assessing data 
quality in today’s multifaceted digital world. 
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