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Abstract. The outcomes and quality of organizational decisions depend
on the characteristics of the data available for making the decisions and
on the value of the data in the decision-making process. Toward enabling
management of these aspects of data in analytics, we introduce and inves-
tigate Data Readiness Level (DRL), a quantitative measure of the value
of a piece of data at a given point in a processing flow. Our DRL proposal
is a multidimensional measure that takes into account the relevance, com-
pleteness, and utility of data with respect to a given analysis task. This
study provides a formalization of DRL in a structured-data scenario, and
illustrates how knowledge of rules and facts, both within and outside the
given data, can be used to identify those transformations of the data
that improve its DRL.
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1 Introduction

Organizations around the world increasingly apply analytics to their data to
enable and facilitate recognition of events of interest, prediction of future events,
and prescription of needed actions. These activities are made possible by the
information and knowledge that analytics extract from the input data. By influ-
encing the nature and quality of the extracted knowledge, the input data impact
the overall decision-making process. A way to view this is that every datum
exhibits inherent qualities that contribute in different ways to the value of the
datum in a specific decision-making process. Low value qualities indicate that
the datum is not reliable and may lead to inferior decision making.

As an example, consider the task of linking (a) the information collected
about passing cars at a toll booth by a license-plate recognition system (LPR),
with (b) the Department of Motor Vehicles (DMV) information about the owners
of the cars. Imperfect LPR readings of license-plate information at the toll booth,
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as well as missing car or driver information in the DMV database would be
indications of “low-value” qualities of the data, which may lead to failures in
performing the linkage task. In this paper we address detecting and correcting
data-quality problems such as those in this “Toll Booth” example.

Our focus in this paper is on the problem of determining whether the inherent
quality of the available data meets, or at least can be improved to meet, the
data-quality expectations of the decision makers that have access to the data.
We address this problem by introducing methods for quantifying and improving
the quality of data. Our first contribution is in introducing and investigating data
readiness level (DRL), a quantitative measure of the value of the quality of a
piece of data at a given point in a processing flow. As such, the DRL represents
a paradigm shift from the qualitative nature of traditional exploratory data
analysis towards a rigorous metrics-based assessment of the quality of data in
various states of readiness. The intuition for DRL is the distance between the
information that can be extracted from (i.e., the “information content” [17] of)
the given data for the given task, and the information content required by the
task. Our second contribution is in introducing approaches for improving the
value of data quality (i.e., DRL) of the data.

We use “relevance” and “completeness” dimensions to define DRL. In the
above Toll Booth example, suppose 10 % of the driver-name information in the
LPR data set is represented by null values (i.e., missing information). By the app-
roach introduced in this paper, the “completeness” dimension of the correspond-
ing DRL value of the data set would be 90%. One potential DRL-improving
solution proposed in this paper would replace these null values with the appropri-
ate driver-name values from an external source. This would potentially increase
the quality of these data values all the way to 100 % in that DRL dimension.

The foundational fact concerning data readiness is that data-readiness assess-
ments rely on knowledge extracted from the data and, in turn, constitute knowl-
edge about the data. We consider two major goals for DRL:

(1) Determine whether the given data have information of sufficient quality with
respect to the given analysis task that is to be performed on the data.

(2) If this determination process returns a negative answer, identify ways to
increase the information quality of the data with respect to the task.

Our Contributions: In this paper we address these two goals, by formalizing
the data-quality measure DRL and approaches to improve its value. The study
covers the core case where the data are relational, and tasks are carried out via
relational (SQL) queries. Further, we assume that all the “content” problems in
the data arise from missing (NULL) values. We refer to these assumptions as the
relational setting with null values.

The rest of this paper is structured as follows. Section 2 defines the data-
quality measure DRL for the relational setting. Section 3 introduces operators
that improve the DRL value of the data for the tasks at hand. Section 4 presents
a use case for the proposed approaches. Section5 summarizes related work;
Section 6 identifies som extensions of the relational setting.
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Relationl in database D1 at toll booth Relation2 in D2 at NC DMV

lrowl plate lla_nel CL luserl time l date ‘ lLicNumlnamel plate lstate‘

1 |NMU45| 3 |1.00|NULL|09:20:16|07/04/2014 11156 | n2 [ABWD9| VA
2 | STA00 | 1 [0.73| nl |09:20:03|07/04/2014 78922 | n1 | STAOO0 | VA
3 |[ABWD9| 3 [0.85| n2 |09:19:53|07/04/2014 58556 | wl |[NMU45| NC
4 | TRC19| 4 |1.00| n3 [09:19:52|07/04/2014 82659 | n3 | TRC19 | MD

Fig.1. Table Relationl in database D1, and table Relation2 in database D2.
(CL stands for “confidence level,” and LicNum for “driver license number.”)

2 Formalizing Data Readiness Level

In this section we formalize the notion of data readiness level for the case where
the data are structured using the relational data model, and tasks are carried
out using relational (SQL) queries. Further, we assume that all the “content”
problems in the data arise from missing (NULL) values. (We call this core case
the relational setting with null values, and discuss extensions in Sect.6.) This
section provides the definitions and intuition, as well as illustrations via the Toll
Booth example of Sect.1.!

2.1 Toll Booth Example — Traffic Flow Identification

We begin by providing details on the Toll Booth example of Sect. 1; the example
will be used to illustrate the concepts and approaches introduced in this paper.
For the trafficcmanagement department of a city, consider the task of obtaining
the names of owners of those cars that are registered in North Carolina (NC) and
that entered the city through a toll road on July 4, 2014. Suppose the toll road
operates toll booths equipped with a license-plate recognition system (LPR).
LPR identifies the number on a license plate with some possibility of error, with
a confidence-level value that is either in the interval [0,1] or equals NULL.

Suppose the database D1 at a toll booth includes a table Relationi obtained
from the LPR system, and database D2 at the NC DMV has table Relation2,
see Fig. 1. The task at hand can be expressed over each of D1 and D2 as:

(Q1 over D1): SELECT user FROM Relationl

WHERE state=‘NC’ AND date=‘07/04/2014° AND CL>=0.8
(Q2 over D2): SELECT name FROM Relation2

WHERE state=‘NC’ AND date=‘07/04/2014° AND CL>=0.8

Please note that neither Q1 nor Q2 is to be posed directly over the respective
database. Instead, we envision a user interface where the data first get checked
for their data readiness level with respect to each query. The query is posed over
the database only after the data readiness level of the data has been improved

! Due to the page limit, the details can be found in the online version [2] of this paper.
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in a satisfactory way. In particular, the query Q1 is originally formulated cor-
rectly with respect to the task at hand independently of the available table, even
though Q1 mentions the state attribute that is absent from Relationl. Thus,
we envision that the query Q1 will not be rejected outright when posed directly
on database D1. Rather, the DRL value of D1 can be improved by importing the
state attribute, perhaps from database D2. Once the data readiness level of D1
is improved this way, Q1 will be syntactically correct for execution over D1.

2.2 Data Readiness Level: Intuition and Preliminaries

Intuitively, data-readiness judgments concern wutility of the given data for the
given task. In general, utility might depend on numerous factors. In our rela-
tional setting, we consider a very simple form of utility, where the readiness
level of a data set with respect to (w.r.t.) a task is a tuple of “relevance” and
“completeness” dimensions. Here, relevance represents how close the structure
of the data is to the task requirements, and completeness represents the frac-
tion of useful (non-NULL) values among the data values available for addressing
the task. We provide a formalization of this two-dimensional DRL measure in
Sect. 2.5. The definition there uses the formalizations of relevance (Sect. 2.3) and
completeness (Sect.2.4) of a given data set w.r.t. a given task.

As an illustration, the relevance of the database D1 of Sect. 2.1 is not “100 %
satisfactory” w.r.t. the query Q1, as the state column mentioned in Q1 is absent
from Relation1. Similarly, the completeness of D1 is not “100 % adequate” w.r.t.
Q1, because the user name is NULL in the first row of Relationl.

We now begin introducing the DRL formalism, by specifying the notion of
task in our core relational setting. We consider tasks carried out by SQL SELECT-
FROM-WHERE queries without extra clauses. For our purposes, it is sufficient to
consider the “signature” of each task. The signature of a SQL task @Q is a triple

T(Q) = [5(Q), F(Q), W(Q)], (1)

in which S(Q) is the set of attributes in the SELECT clause of @, F(Q) is the
set of relations in the FROM clause of @, and W(Q) is the set of attributes in
the WHERE clause of (). For instance, the task Q1 in our running example has
the signature T(Q1) = [{user}, {Relationl}, {state,date,CL}], and the task
Q2 has the signature T(Q2) = [{name}, {Relation2}, {state,date,CL}].

In addition to the signature for each task, we also consider the attributes
available for the task in the data: The available attributes of a query @, written
A(Q), is the set of all the attributes in all the relations in F'(Q). For the queries
Q1 and Q2 of Sect. 2.1 we have A(Q1) = {row, plate, lane, CL, user, time,date},
and A(Q2) = {LicNum, name, plate, state}.

Finally, we assume that each user who poses a SQL task on the available
data can also specify, for each relational attribute mentioned in the task, the
nonnegative relevance utility p and completeness utility x of the attribute for
the task. (In the baseline case where the user does not specify individual utili-
ties of attributes, we assume that along each of the relevance and completeness
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Table 1. Relevance (p) and completeness (x) utility values for task Q1 of Sect.2.1.

a user state | date |CL
p(a,Q1) | 4 1 4
k(a,Q1) |1 2 4

dimensions of DRL, the utility of each attribute mentioned in the task is 1.) For
instance, for our example of Sect. 2.1, possible utilities of the attributes men-
tioned in task Q1 are listed in Table 1.

2.3 The Relevance Dimension of DRL

Given a relational data set, a SQL task, and the relevance utilities of the task
attributes (see Sect. 2.2), we combine these relevance utilities to obtain a measure
of the relevance of the data set to the task.

Definition 1. The DRL relevance R of a database D for a task with signature
T =[S, F,W] and available attributes A, is defined as the ratio of the weighted
relevance utility of those task attributes that are available in the database, to the
weighted relevance utility of all the attributes in the task:

ZaESﬂA pla,T) + ZaEWﬂA pla,T) if Fisin D
R(D,T) = >aes Pla;T)+ 3 e pla, T) (2)
0 otherwise.

That is, if all the relations in the FROM clause of the task are in the database, we
use a weighted average as the relevance of the database to the task. Otherwise,
the corresponding relevance value is zero.

Suppose that in our example of Sect.2.1, the relevance (p) utilities of
attributes for task Q1 are as given in Table 1. Then the relevance of D1 for Q1 is:

R(D1,Q1) = R(D1, [{user}, {Relationl}, {state,date,CL}])
4404442
4+1+4+2 09

2.4 The Completeness Dimension of DRL

In our definition of completeness of a database for a task, we use the following
notion. For a relation r in database D, denote by |r| the number of rows in r,
and for an attribute a in r, denote by |r(a # NULL)| the number of rows in r in
which a non-NULL value appears for a. Then the completeness degree of attribute
a w.r.t. relation r, denoted by ¢(a,r), is defined as the ratio |r(a # NULL)|/|r|.
(When either a ¢ r or |r| = 0, we define ¢(a,r) to be 0.)

Now for a data set and a SQL task with completeness utilities of its attributes
(see Sect.2.2), we combine these utilities with the respective completeness
degrees to obtain a measure of the completeness of the data set for the task.
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Definition 2. The DRL completeness K of a database D for a task with sig-
nature T = [S, F, W] and available attributes A, is defined as the ratio of the
weighted completeness utility of those task attributes that are available in the
database to the weighted completeness utility of all the attributes in the task:

ZaeS k(a, T)¢(a, F) + ZaeW k(a, T)p(a, F) FinD
KD T =0 Yucsn ba D)+ Spewrnrad) TP )
0 otherwise.

That is, the DRL completeness of a database w.r.t. a task is computed as the
sum of the completeness utilities of the task attributes weighted by the respective
completeness degrees, normalized by the total possible (i.e., ideal) completeness.

Suppose that in our example of Sect.2.1, the completeness (k) utilities of
attributes for task Q1 are as given in Table 1. We obtain that ¢(user,Relationl) =
¢(date,Relationl) = ¢(CL,Relationl) = 1, that ¢(state,Relationl) =0, and
that ¢(user,Relationl) = 3/4. Then the completeness of D1 for Q1 is

K(D1,Q1) = K(D1, [{user}, {Relationl}, {state,date,CL}])
_ L(3/4) + 2.(0) + 4.(1) + 3.(1)

LD 120+ 4w 1aa) 7

2.5 Putting It Together: Data Readiness Level Tuples

As discussed in Sect. 2.2, we define the data readiness level as a tuple of relevance
and completeness dimensions. Here, relevance represents the distance between
the structure of the data and of the task, and completeness represents the avail-
ability of non-null values in the task-relevant attributes:

Definition 3. The data readiness level of database D with respect to task T is
a tuple of the relevance and completeness values of D w.r.t. T':

DRL(D,T) = [R(D,T), K(D,T)]. (4)

In our running example of Sect.2.1, the DRL for database D1 for task Q1
is DRL(D1,Q1) = [0.91,0.97]. By similar calculations, for database D2 and task
Q2 we obtain that DRL(D2,Q2) = [0.45,1]. (The intuition for the relevance
dimension of this DRL value for D2 and Q2 comes from the observation that the
structure of Relation2 in D2 does not match well the attributes mentioned in
Q2. At the same time, Relation2 has no null values, which explains the “perfect
score” of 1 in the completeness dimension of the DRL value for D2 and Q2.)

3 Improving Readiness Level of Data for Task at Hand

In Sect. 2 we formalized the notion of data readiness level for the relational set-
ting with null values. In this section, we discuss actions that can be taken in this
context, to improve the DRL value of a data set for a given task. Our contribution
is in providing a taxonomy and descriptions of meta-operators, which we refer to
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as “data-readying operators.” The distinction between our meta-operators and
data-improvement approaches in the literature (e.g., data-cleaning approaches)
is that we consider as explicit inputs to the data-improvement process not only
the data, but also its DRL value w.r.t the task to be performed on the data,
and a threshold on the desirable DRL value. As a result, to become applicable
to the specific data set and task at hand, each meta-operator that we discuss is
to be instantiated with both data-specific and task-specific parameter values, as
well as potentially with knowledge that is (external to the data and task, and)
available to the meta-operator for the data-improvement purpose.

3.1 Taxonomy of DRL-Improving Operators

In our relational setting with null values, we consider meta-operators that
improve the DRL of the data by increasing the information content [17] of the
data. The specific meaning here (same as in [17]) is that each operator “repairs”
the NULL values in the data, by converting these values, to the extent possible,
into non-NULL values that conform to the real world modeled by the data set.

We classify meta-operators aimed at improving the DRL of the data in this
context by using three categories: null-value cleaning operators, resource-changing
operators, and database integrating operators. Figure 2 summarizes these as part
of a taxonomy of operators that increase the information content [17] of the data.
Among these operator types, null-value cleaning operators increase the complete-
ness dimension of the DRL, by looking for null values present in the data and using
one of several possible techniques to repair the null values. Resource-changing
operators aim to increase the relevance of the data for the task, by finding alter-
native resources (relations) with the task-appropriate structure. Finally, database
integrating operators look for data sets that can be integrated with the given data
to improve its relevance and completeness.

3.2 Illustration Using the Running Example

We now illustrate the use of null-values cleaning operators via our running exam-
ple of Sect.2.1. As discussed above, meta-operators in this class improve the
value of the completeness dimension of the DRL of the given data set, by repair-
ing (i.e., replacing by meaningful values) null values present in the data. Some
other classes of our data-readying operators are illustrated in Sect. 4. For further
details, please refer to the online version [2] of this paper.

Among the null-values cleaning operators that we consider in our taxon-
omy, one approach to repairing null values of an attribute in a relation consists
of importing into the relation the appropriate non-null values of a matching
attribute in another table. At the meta-operator level, this approach accepts as
inputs the data set, the task information, and knowledge about which attributes
in the available relations represent the same concept in the subject-matter ontol-
ogy. An instantiation of this meta-operator within a particular DRL-improving
process would accept specific values of all these inputs and would then proceed
to replace all the NULL values in the attribute of interest by the non-NULL values
taken from another relation. The non-NULL values used to repair the NULLs in
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Replacing with values
of matching attribute
of another table

Replacing with
mean value

Null Values Clean-
ing Operators

Inferring via at-
tribute dependencies

Data-Readying { Providing the range

Operators

Resource Chang-
ing Operators

Database Inte-
grating Operators

Fig. 2. Taxonomy of operators for increasing the information content of the data.

the attribute of interest would come from the same concept (i.e., attribute) and
for the same real-world object (i.e., “appropriate” row in the relation) as those
for the NULL value being replaced in the attribute of interest.

In our running example of Sect. 2.1, Relationl includes attributes plate and
user. Suppose these attributes are linked to the concepts Plate Number and
User Name, respectively, in the available knowledge base. Further, suppose that
attributes plate and name of Relation2 are linked in the knowledge base to
the same respective concepts. Then we say that plate in Relationl “concept-
matches” plate in Relation2, and user in Relationl “concept-matches” name
in Relation2. Observe that the plate attribute is an identifier in Relation2.
Consequently, the instantiation of our meta-operator can replace the NULL values of
the user attribute in Relation1 by those (non-NULL) values of the name attribute
of Relation2 that correspond to the same value of the Plate Number concept.

The output of applying this data-improvement operator to the user attribute
of Relationl in the Toll Booth example is demonstrated in Table 2.

4 Use Case: Marketing via Targeted Mailings

To further illustrate the meta-operators described in Sect. 3, we introduce the
following use case that complements our example of Sect.2.1. In this use case,
the marketing department of a company decides to contact all the customers
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Table 2. Repaired NULL values of the user attribute in Relationl of Sect.2.1.

row | plate lane | CL |user  time date

1 NMU45 |3 1.00 | w1l |09:20:16 | 07/01/2014
2 STA00 |1 0.73 | nl 09:20:03 | 07/01/2014
3 ABWD9Y |3 0.85 | n2 09:19:53 | 07/01/2014
4 TRC19 |4 1.00 | n3 09:19:52 | 07/01/2014

who are over 20 years old and use the company’s Plan B, to motivate them to
switch to the company’s Plan A. For this purpose, the company plans to use its
database D3, with relations Sales and Customer as shown in Fig. 3.

Sales Customer
id|custId|boughtPlan date id name address|currentPlan| age
1| 103 Plan B |01/11/2015 101| David Smith [22nd St. Plan A |NULL
2] 102 Plan B |10/25/2014 102| Alfred Luck [20th St. NULL 18
3| 104 Plan A |12/28/2014 103| Daniel Bush [25th St. Plan B 30
4| 102 Plan A |01/17/2014 104|Goldy Elbetri| 7th St. NULL NULL

Fig. 3. The Sales and Customer relations in database D3 for the Marketing use case.

The following task Q3, with signature [{name,address}, {Customer}, {age,
currentPlan}], could be used to find the customers to be targeted in the mailing:

(Q3) SELECT name, address FROM Customer
WHERE currentPlan = ‘Plan B’ AND age >= 20;

Since all the attributes mentioned in Q3 are in the data set D3, the relevance
value of D3 for Q3 is 1. Assuming that the completeness utilities for Q3 are as in
Table 3, the formulas in Sect. 2 yield DRL(D3,Q3) = [1.0,0.73].

Table 3. Completeness (k) utilities for task Q3 in the Marketing use case.

a name | address | currentPlan | age
k(a) |1 4 4 2

Suppose the following facts, external to the data and the task, are known
in this example: the values of the age attribute in the Customer relation are
normally distributed; there are statistically enough observations with non-null
values in that column of Customer; and most of the observations of customer age
in Customer fall around the mean value. Then the null-value-cleaning operator
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Table 4. Improved-quality Customer relation in the Marketing use case.

id |name address | currentPlan | age
101 | David Smith |22nd St | Plan A 24
102 | Alfred Luck | 20th St |Plan B 18
103 | Daniel Bush | 25th St | Plan B 30
104 | Goldy Elbetri | 7th St | Plan A 24

of Fig. 2 that replaces NULL values with the mean value of 24 can be applied to
age in Customer. The results of improving the information content of the age
attribute of the Customer relation are shown in Table4.

Further, suppose that additional available knowledge prescribes replacing
the NULL values of the attribute currentPlan in the Customer relation with the
latest plan bought by the customer. The corresponding meta-operator, suitably
instantiated, would look for tuples in the Sales relation that have the same value
of custId as the value of id in the Customer relation. The meta-operator would
then replace the associated NULL values of currentPlan in Customer with the
information on the most recent transaction for the customer, which is represented
by the tuple with the maximum value of date attribute. All this replacement
knowledge can be encoded in a rule that is specific to the data set and task, but
would be used by an instantiation of the generic meta-operator. The result of
this meta-operator application to the currentPlan attribute in the Customer
relation is shown in Table 4.

5 Related Work

Projects focused on defining and classifying data-quality dimensions have related
the data format to syntactic criteria [9] and investigated the semantics of data
values [13,14]. In measuring data quality, two directions have emerged: quality
of conformance and quality of design. Quality of conformance aims to align an
information system’s existing data values and its design specifications, whereas in
quality of design, checking the closeness of system specifications to the customer
requirements is of interest [12]. Subjective data-quality assessments, such as
those in quality of design, can be approached by distributing questionnaires
among stakeholders [18]. In contrast, studies focused on objective measurements,
such as quality of conformance, introduce and investigate descriptive metrics.
The data-quality metrics introduced in the literature either assume fixed tasks
in quantifying data quality, or do not consider tasks at all. In contrast, in this
work we provide a framework for computing metrics of quality of the given data
with respect to specific (but not fixed) data-processing tasks.

We formalize the notion of data relevance in a way similar to [15], where
relevance is defined as “level of consistency between the data content and the
area of interest of the user.” While relevance has been addressed in several
studies (e.g., [22,23]) as a data-quality dimension, to the best of our knowledge
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no metric has been provided to quantify it in the literature. The framework
proposed in this current work includes a metric for computing the current level
of data relevance and for measuring the quality of relevance-improving solutions.

Completeness is defined in [18] as a fraction of non-null values of an attribute.
A number of approaches have been proposed in data management for addressing
problems caused by null values in the data, e.g., [4,5,7,17]. Directions of stud-
ies of incomplete information [17] in the literature include approaches based on
representation systems and certain answers [1,11]), logical theory [19,20], and
programming semantics [3,16]. Unlike previous work, in this study we intro-
duce a formalization where completeness of the data can be improved based on
knowledge that is external to the data and task at hand.

Knowledge bases have been used in a variety of applications [8]. Notably, [6]
introduced a platform that employs user-imposed rules to repair data, based on
violations of the available data-cleaning rules. At the same time, [6] does not
focus on evaluating quality of the data in presence of specific data-processing
tasks. In this study we introduce a framework that measures the quality value of
data in a task-specific way, and uses external knowledge to improve the quality
value of the data for the task at hand.

6 Conclusion and Future Work

In this paper we studied the problem of quantifying the readiness of a relational
data set to handle tasks carried out via SQL queries, in presence of missing infor-
mation in the form of null values. We formalized this data-readiness problem and
proposed approaches for evaluating the relevance and completeness aspects of
our data readiness measure in presence of a given data-oriented task. In addition,
we developed a taxonomy of “data-readying” meta-operators that improve the
information content of the data for the task at hand, in presence of knowledge
available about the data or the task. The proposed formalization can be extended
to quantifying the data-quality dimensions (e.g., relevance and completeness) of
a data set with respect to a collection of typical tasks posed to the system.

This initial study of the core case of data readiness involves several simpli-
fying assumptions about the structure of data sets, tasks, and task-dependent
utility of the data. Our future work aims to relax these assumptions, e.g., to
extend the framework to allow subqueries in the tasks; to consider types of
data-quality issues beyond null values; to enable treatment of more complex and
realistic data-analysis scenarios and data-quality dimensions; and to consider
data models beyond the relational model. Other extensions involve developing
techniques to capture and express utility information and probabilistic properties
of data-readying operators.
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