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Abstract. In the last decade there has been much interest in preference query processing for various applications like personalized
information or decision making systems. Preference queries aim to
find only those objects that are most preferred by the user. However,
the underlying data set may contain NULL values which represent
unknown or incomplete data. Most of the existing algorithms for preference query evaluation do not know how to treat these NULL values
and consider them worse than any other value. Other algorithms do
not allow NULLs in their input data set. However, NULL values are
common in data sets and must be considered in preference query
evaluation. In this paper we introduce an approach to handle NULL
values in preference queries which extends preference algebra, a formal model for preference specification. Our approach can be adopted
by all preference query algorithms which rely on strict partial orders,
because it does not violate the transitivity relation as other methods
do.

1

Introduction

Preferences in databases – as shown by a recent survey [18] – as
well as preferences in artificial intelligence and social choice theory
(cp. [17]) are a well established framework to create personalized information systems. By using well designed preference models, users
can be provided with just the information they need, thereby overcoming the dreaded empty result set and flooding effect [10].
However, the data set behind these information systems may contain unknown data, known as NULL values in database systems.
NULL is a special marker to indicate that a data value does not exist
in the database and therefore represents missing and inapplicable information. In standard SQL the handling of NULL values has been
the focus of controversy for more than 30 years resulting in a threevalued logic [6]. Hence, comparisons with NULL can never result in
either true or false, but always in a third logical result, unknown.
However, the discussion of NULLs in preference database queries
is an open issue. Almost all algorithms for preference evaluation
(e.g., [1, 5, 7, 14, 16]) rely mainly on two assumptions: First, all
preference algorithms assume transitivity in the dominance relation,
and second, data is complete, i.e., all dimensions are available for all
data objects. The first assumption of dominance transitivity is one
of the most used properties in preference algorithms. If a data tuple t1 dominates tuple t2 while t2 dominates t3 , then t1 dominates
t3 , too. Using transitivity, preference query processing algorithms
exploit various ways of data pruning and indexing. Obviously, the
second assumption of completeness is not practical in a real world
database, where NULL values frequently occur, cp. [13].
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Table 1.
tours

id
1
2
3
4
5

Sample table of hiking tours.

length
23.5
NULL
NULL
13.1
7.3

difficulty
medium
easy
NULL
hard
NULL

rating
4
5
2
2
1

vista
excellent
bad
bad
good
excellent

For example, in a hiking tour database (cp. Table 1) it is highly
unlikely that all data for all attributes of a tour are always known.
The column length contains two NULL entries, because it was not
possible to determine the length of the tours. Furthermore users may
fill a global database with their own hiking tours. If a hiking tourist
wants to set the length but doesn’t know it or does not want to rate the
difficulty of the tour, he omits the input value. Thus the missing data
has to interpreted correctly by setting this value to NULL instead of
default value, e.g. 0.
If there are NULLs in the database, how should one compare the
unknown to the known values in preference queries? For example,
if a users’ preference is to find hiking tours with a length of 20 km,
how are the given values {23.5, 13.1, 7.3} compared to NULL?
One may state that NULL should be always worse than all other
values. This would be good for a hiking tourist which is a cautious
and accurate person and plans all tours in detail. However, for an
user who is adventurous, ready to tackle new challenges and who
likes to get surprised by new tours, NULL values in the result of
the preference query would be a welcome variety. Hence, this user
prefers tours with unknown values over fully documented tours.
The same question also arises for Pareto preference (Skyline)
queries [1, 10], where two or more preferences are equally important. In a Pareto preference a tuple t1 is said to dominate a tuple t2
if t1 is better than or equal to t2 in all dimensions and is strictly
better than t2 in at least one dimension. Unfortunately, with the existence of some incomplete dimensions, we cannot simply use the traditional definition of the dominance relation as it is not immediately
clear how to compare an incomplete dimension with a corresponding
complete dimension. For example, consider the wish for a tour having a difficulty of ’hard’ and a rating of 2. We cannot judge which
tuple of t1 = (hard, 2) and t2 = (NULL, 2) is superior in the first
dimension.
The aim of this paper is to extend preference queries to cope with
the existence of incomplete data. We provide an approach to handle
NULL values in preference queries such that the transitivity relation
will be preserved and the assumption of data completeness is not necessary for preference evaluation algorithms. Furthermore we suggest
a syntax extension for Preference SQL queries [12] to specify the
treatment of NULLs in our preference database system.

The rest of this paper is organized as follows: Section 2 highlights
related work. An overview of the used preference model is given in
Section 3. Section 4 introduces our NULL value handling in preference algebra. Afterwards, we extend the syntax of the Preference
SQL query language in Section 5. Finally, we conclude in Section 6.

2

Related Work

Preference queries are more general than the well known Skyline
queries introduced more than ten years ago by Börzsönyi et al. [1].
Skyline queries are a special kind of Pareto preference queries and
aim to find tuples which are not dominated by others. Since then,
several algorithms have been proposed for preference and Skyline
query evaluation that include index-based solutions, pre-sorting and
no pre-processing, cp. [1, 5, 7, 16] to name a few. Unfortunately,
all these algorithms consider only the case of complete data, i.e. data
where all values are known. However, NULL values occur frequently
in real life data sets.
Several papers have studied the evaluation of Skyline queries over
uncertain (probabilistic) data [15]. Uncertain data in those works is
generally caused by data randomness, incompleteness, limitations of
measuring equipment, etc. Due to the importance of those applications and the rapidly increasing amount of collected and accumulated data containing uncertainty, analyzing large collections of uncertain data has become an important task. However, how to conduct advanced analysis on uncertain data remains an open problem
at large [15].
One of the first works on incomplete data and NULL values was
done by Chan et al. [2]. They consider a tuple to dominate another
tuple only if a subset of a given size of the dimensions dominates
the corresponding dimensions in another tuple. Under this definition, the dominance relation becomes non-transitive. Therefore, traditional preference algorithms cannot be applied.
The closest work to ours is the Skyline querying in the presence
of incomplete data [9], which is based on the former mentioned paper. In this work for any two incomplete tuples only the common dimensions that are known in both tuples are considered. Among these
common dimensions only, they apply the traditional dominance relation to decide which tuple dominates the other, if any. However,
this fails if there are no common dimensions. Furthermore, Chomicki
rightly asks ”What is the right logic for defining such preference relations?”, cp. [4].
We introduce an approach of NULL value handling which maintains the transitivity of the dominance relation. Therefore every preference algorithm requiring transitivity can be applied to evaluate
preferences on incomplete data.

3

Preferences in Database Systems

Preference modeling has been in focus for some time, leading to diverse approaches, e.g. [3, 10, 11]. We follow the preference model
from [11] which is a direct mapping to relational algebra and declarative query languages, e.g., Preference SQL which is discussed in
Section 5. It is semantically rich, easy to handle and very flexible to
represent user preferences which are ubiquitous in our life.
Formally, a preference P on a set of attributes A is defined as
P ∶= (A, <P ), where <P is a strict partial order on the domain of
dom(A) × dom(A). For x, y ∈ dom(A) the term x <P y is interpreted as “I like y more than x”. We say x and y are indifferent, if
¬(x <P y) ∧ ¬(y <P x), i.e., neither x is better than y nor y is better
than x. Note that the preference order <P is irreflexive and transitive.

The Best-Matches-Only-set (BMO-set) of a preference contains
all tuples from a data set that are not dominated w.r.t. the preference. Best-Matches-Only offers a cooperative query answering behavior by automatic matchmaking: The BMO query result adapts to
the quality of the data in the database, defeating the empty result
effect and reducing the flooding effect by filtering out worse results.
To specify a preference, a variety of intuitive base preference constructors together with some complex preference constructors has
been defined. Subsequently, we present some selected preference
constructors used in this paper. More preference constructors as well
as their formal definition can be found in [10, 11, 12].

3.1

Base Preference Constructors

Preferences on single attributes are called base preferences. There
are base preference constructors for discrete (categorical) and for
continuous (numerical) domains. Figure 1 shows the taxonomy of
several frequently occurring base preferences [12].
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Figure 1. Taxonomy of base preference constructors

Subsequently we describe some numerical base preferences.
Definition 1 (SCOREd Preference). Given a scoring function f ∶
dom(A) → R+0 , and some d ∈ R+0 . Then P is called a SCOREd
preference, iff for x, y ∈ dom(A):
x <P y ⇐⇒ fd (x) > fd (y)
where fd ∶ dom(A) → R+0 is defined as:
⎧
⎪
if d = 0
⎪f (v)
fd (v) ∶= ⎨ f (v)
⎪
⌈
⌉ if d > 0
⎪
⎩ d
Note that in the case of d = 0 the function f (v) models the distance to the best value. That means fd (v) describes how far the domain value v is away from the optimal value. A d-parameter d > 0
represents a discretization of f (v), which is used to group ranges of
scores together. The d-parameter maps different function values to
a single number. Choosing d > 0 effects that attribute values with
identical fd (v) value become indifferent.
The BETWEENd preference is a sub-constructor of SCOREd . It
expresses the wish for a value between a lower and an upper bound.
A deviation of d does not matter. For BETWEENd (A, [low, up]) we
have f (v) = max{low − v, 0, v − up}. Specifying low = up (=∶ z)
in BETWEENd we get the AROUNDd (A, z) preference, where the
desired value should be z, i.e. f (v) = ∣z − v∣. Furthermore, the
LOWESTd (A) and HIGHESTd (A) constructors prefer the minimum and maximum of the domain of A.
Example 1. The P1 ∶= AROUND2 (rating, 4) preference on Table 1
expresses the wish for a tour rating around 4 where a difference of 2
does not matter. Obviously, the tuple with ID 1 is the most preferred
value.

All categorical preferences are sub-constructors of LAYEREDm .
Definition 2 (LAYEREDm Preference). Let L = (L1 , ⋯, Lm ) be
an ordered list of m sets forming a partition of dom(A) for an attribute A. The preference P is a LAYEREDm (A, (L1 , . . . , Lm ))
preference if it is a SCOREd preference with the following scoring
function: f (v) ∶= i − 1 ⇐⇒ x ∈ Li . For convenience, one of the
Li may be named “OTHERS”, representing the set dom(A) without the elements of the other subsets. This implies OTHERS contains
also NULL, if NULL is not contained in any other layer.
Furthermore, sub-constructors of LAYEREDm for frequently
occuring cases exist, e.g. POS(A, POS-set), which is equal to
LAYERED2 (A, POS-set, OTHERS). It expresses that a user has
a set of preferred values, the POS-set, in the domain of A. There
is also a NEG-preference NEG(A, NEG-set). Moreover, it is possible to combine these preferences to POS/POS or POS/NEG. For
the POS/POS(A, POS1-set, POS2-set) preference a desired value
should be amongst a finite set POS1-set. Otherwise it should be from
a disjoint finite set of alternatives POS2-set. If this is also not feasible, better than getting nothing any other value is acceptable. There
are many more base preference constructors (cp. Figure 1), all described in [10, 11, 12, 19].
Example 2. Let P2 ∶= POS(vista, {excellent, good}). That means
that we are looking for tours having an excellent or good vista. From
Table 1 we get the BMO-set with IDs {1,4,5}.

3.2

Complex Preference Constructors

If one wants to combine several preferences into more complex preferences, one has to decide the relative importance of these given preferences. Intuitively, people speak of “this preference is more important to me than that one” or “these preferences are all equally important to me”. Equal importance is modeled by the so-called Pareto
preference.
Definition 3 (Pareto Preference). In a Pareto preference P ∶= P1 ⊗
P2 = (A1 × A2 , <P ) all preferences Pi = (Ai , <Pi ) on the attributes
Ai are of equal importance, i.e., for two tuples x = (x1 , x2 ), y =
(y1 , y2 ) ∈ dom(A1 ) × dom(A2 ) we define:
(x1 , x2 ) <P (y1 , y2 ) iff
(x1 <P1 y1 ∧ (x2 <P2 y2 ∨ x2 =P y2 )) ∨
(x2 <P2 y2 ∧ (x1 <P1 y1 ∨ x1 =P y1 ))
The Prioritization preference allows the modeling of combinations of preferences that have different importance.
Definition 4 (Prioritization). Assume preferences P1 = (A1 , <P1 )
and P2 = (A2 , <P2 ), then prioritization denoted by P ∶= P1 & P2 is
defined as:
(x1 , x2 ) <P (y1 , y2 ) iff x1 <P y1 ∨ (x1 =P y1 ∧ x2 <P2 y2 )
Example 3. Reconsider the preferences P1 and P2 from Example
1 and 2. In the Pareto preference P ∶= P1 ⊗ P2 both preferences
are equally important. Tuple 1 dominates tuple 2 and 3, because it is
better in both dimensions. Tuple 1 is better than tuple 5 concerning
the rating and equal in the vista. Therefore tuple 5 is dominated by
tuple 1. Tuple 4 and tuple 2 are indifferent. Tuple 4 is better concerning the rating, but incomparable concerning the vista (excellent is not
equal to good). Therefore, the BMO-set is given by the IDs {1, 4}.

3.3

Preferences with SV-Semantics

There are situations where indifferent objects should be treated as
substitutable. That means for base preferences that all objects v
with equal fd (v) function value can be designated as equally good.
This behavior is called regular Substitutable-Values-Semantics (SVsemantics). Using regular SV-semantics, all objects with the same
fd (v) value are positioned on the same level. Obviously, level 0 contains the perfect matches, higher levels are worse. Having trivial SVsemantics only equal values are considered as equally good. Following [11] we write P = C(A, <P , ≅P ) for a preference having any SV
relation. We use ∼P for regular and =P for trivial SV-semantics.
For base preferences regular SV-semantics does not affect <P itself, but expresses that it is admissible to substitute values for each
other. A complex constructor using ∼P instead of =P in its definition
(cp. Def. 3 and 4) does affect <P , as we can see in the next example.
Example 4. Consider the Pareto preference P ∶= P1 ⊗ P2 from Example 3. From this example we know that the result of P using trivial
SV-semantics is given by the IDs {1, 4}. Using regular SV-semantics
for vista the values excellent and good are equally good. Since tuple 1 is better than tuple 4 concerning the rating and excellent is
substitutable to good, tuple 1 is preferred over tuple 4.

4

NULL Values in Preference Database Queries

In this section we formally introduce the handling of NULL values in
preferences. In our proposed approach, NULL is fully integrated in
the preference order, i.e. comparisons of NULL and any other value
of the domain are possible. To this end we define the NULL-extended
domain by
domN (A) ∶= dom(A) ∪ {NULL}
Note that in standard SQL NULLs are not special domain values. A three-valued logic is used, where comparisons with NULL
return the third truth value unknown. We will use a two-valued
boolean logic. An expression x <P NULL or NULL <P x with
x ∈ domN (A) is either true or false. Additionally we require the
NULL-extended preference relation <p to be transitive. Due to these
requirements we can use traditional algorithms for the evaluation of
preferences.
In the following sections we adapt the preference constructors
from Section 3 to the NULL-extended domain. SV-semantics (Section 3.3) are also extended to NULL-values, i.e. the user may specify
for which values of x the expression x ≅P NULL is true.

4.1

Insertion Strategies

One possibility to extend preferences to domN (A) is to treat the
NULL-value like a value of the original domain, i.e. NULL is inserted into the order at the same place as a value from dom(A).
In the case of base preferences, we distinguish between categorical
and numerical preferences: For a categorical preference, NULL can
be written in the POS-set, OTHERS-set, one of the LAYERED-sets,
etc. while for numerical preferences one can either define a NULLequivalent value (NULL equals 4.5) or place NULL at the top or
bottom of the preference order.
Another approach to handle NULL-values is to make the NULL
incomparable to all other values, i.e. the expression x <P NULL is
false for all x. This models the missing information character of the
NULL-values: If one knows nothing about a given value, one does
not assume any better than relations to other values.

Incomparable NULL values are not dominated by any value of
dom(A) and do not dominate any of these values. Hence tuples with
NULL-values in the respective attribute always occur in the BMO-set
of the preference.

4.2

Extended Categorical Preference Constructors

In the categorical preference constructors, NULL can be used like a
usual domain value as shown in the following example:

Example 6. Let P3 = AROUND10 (length, 20, ∼P , N ) and consider
the tours attribute in the sample data in Table 1. There is no perfect
match, i.e. no tour with length 20. Thus for Nlevel
only NULL is in
1
the BMO-set. The length values 23.5 and 13.1 are on level 1 and
they are the best matches in dom(length), hence for Nlevel
and Nlevel
1
?
they are together with NULL in the BMO-set. As the maximum level
level
for P3 is 2, for Nlevel
with v ≥ 2 the NULL value is less
max and Nv
preferred than 23.5 and 13.1. In summary we have:
N
Nlevel
0
level
Nlevel
1 , N?
level
level
level
Nlevel
,
N
max
2 , N3 , ..., N∞

Example 5. Consider the LAYEREDm -preference on attribute A.
NULL can be contained in one of the Li , e.g.
LAYERED4 (difficulty, ({’easy’}, {’medium’},
{’hard’, NULL}, OTHERS))
which means that NULL in the difficulty attribute of the hiking tour
is equally disliked as hard.
Analogously POS, NEG, POS/POS, etc. are extended in the same
manner, i.e. NULL may be written in the POS-set, NEG-setc, etc.
To specify that NULL is incomparable or NULL is placed in the
worst layer we introduce a NULL-handling parameter for the constructors. Thereby N? means NULL is incomparable to all other values whereas Nmax places NULL in the worst layer, formally:
Definition 5. Let C be a preference constructor, A an attribute,
X an parameter (Layered-sets, POS-set, etc.) for C and ≅ the SVrelation. Then for a preference P = C(A, X, ≅P ) we define:
1. Let P ′ = C(A, X, ≅P , N? ), then <P ′ is given by:
⎧
⎪
⎪false
x <P ′ y = ⎨
⎪
⎪
⎩x <P y

if x = NULL ∨ y = NULL
otherwise

2. Let P ′ = C(A, X, ≅P , Nmax ). We set the SCORE-function
(Def. 1) for NULL to the maximum of the other values of the domain:
f (NULL) = max{f (v) ∣ v ∈ dom(A)}

4.3

Extended Numerical Preferences Constructors

For the numerical preference constructors we introduce a constructor
which assigns a level or a distance to the NULL-value; additionally
NULL may be incomparable, as defined before.
Definition 6. For a numerical preference constructor C, attribute
A, SV-Relation ≅ and an optional d-Parameter d and parameter X
we define the preference P = Cd (A, X, ≅P , N ), where N may be:
● N = N? : cp. Def. 5, i.e. NULL is incomparable to all other values
● N = Ndist
v : NULL is on distance v.
● N = Nlevel
v : NULL is on level v – only if d-Parameter is set with
d > 0 and regular SV-semantics are used.
where v = max means that the f (NULL) is set to the highest level
or distance which occurs in dom(A), cp. Def. 5.
We have the special cases:
● N = Ndist
0 : NULL is as good as the best values.
● N = Ndist
∞ : NULL is the worse than all values of dom(A)
Thereby distance refers to the f -function in Def. 1 whereas level
refers to the fd function. In this case we have the equivalences
level
dist
level
dist
level
Ndist
0 ≡ N0 , N∞ ≡ N∞ and Nmax ≡ Nmax , where ≡ means that
the corresponding preference order is the same.

4.4

BMO-set of values for “length”
{NULL}
{NULL, 23.5, 13.1}
{23.5, 13.1}

Complex Preferences and SV-Semantics

We defined how NULL values are placed in the preference order.
Now we consider SV-semantics and complex preferences.
NULL is now a part of the domain and the NULL-extended preferences are still strict partial orders. Therefore the composition of
complex preferences can be straight-forward applied to preferences
with domain domN (A). For the SV-semantics the same holds: For
trivial SV-Semantics x =P x holds while x =P y is false for x ≠ y.
Note that this implies that NULL =P NULL is always true (in contrast to the trivalent logic in standard SQL). For regular SV-semantics
NULL becomes substitutable with all values v having the same level
dist
(for Nlevel
v ) or the same distance (for Nv ). If N = N? is used, NULL
is not substitutable with any value.
The grouping preference P grouping A evaluates the preference
P for all groups with the same value of A separately. It is also extended to NULL values: For P grouping A a group with A = NULL
is also considered. To avoid this, P grouping¬N A is the grouping
preference, where a NULL-group is only considered if no other values for A exist.

5

NULL Values in Preference SQL

While previous sections describe a formal framework for NULL handling in preference queries, we now present the extension of the Preference SQL query language. First, we summarize basic features of
Preference SQL before describing the extended syntax. Finally, a use
case scenario illustrates the applicability of the novel approach.

5.1

Preference SQL

Preference SQL [12] is a declarative extension of standard SQL by
strict partial order preferences, behaving like soft constraints under
the BMO query model. The BMO-set as result of a preference query
contains all database tuples which are not dominated by any other
tuple concerning the users preferences, cp. [10]. Syntactically, Preference SQL extends the SELECT statement of SQL by an optional
PREFERRING clause leading to the following schematic design:
SELECT
FROM
WHERE
PREFERRING
GROUPING
BUT ONLY
TOP
GROUP BY
HAVING
ORDER BY
LIMIT

...
...
...
...
...
...
...
...
...
...
...

<selection>
<table reference>
<hard conditions>
<soft conditions>
<attribute list>
<but only condition>
<number>
<attribute list>
<hard conditions>
<attribute list>
<number>

The keywords SELECT, FROM, WHERE, GROUP BY, HAVING, and ORDER BY are treated as standard SQL keywords. The
PREFERRING clause specifies a preference by means of the preference constructors given in Section 3. Furthermore, the Pareto preference can be expressed using the AND keyword in the PREFERRING clause, PRIOR TO expresses a Prioritization. Keywords such
as GROUPING are provided to modify preference evaluation, BUT
ONLY for the definition of post-filter or TOP and LIMIT to regulate
the number of results.
A specified preference is evaluated on the result of the hard conditions stated in the WHERE clause. Therefore, preference queries can
be cleanly composed with standard SQL queries, even if the standard
SQL handling of NULL values uses a three-valued logic in contrast
to the two-valued boolean logic used in our preference queries.
Example 7. The preferences P1 ⊗ P2 from Example 4 can be expressed in Preference SQL as follows:

5.3

Use Case

Each of the presented NULL handling strategies can be assigned to a
user type. Given the database relation in Table 1 we can define four
different types of user:
● experienced user: Sue is an experienced tour guide, knowing a lot
of tours by heart. Hence, she wants to substitute unknown values
with concrete values from her experience.
● indifferent user: Bob is quite spontaneous and doesn’t care about
the functionality of database systems. He knows nothing about
unknown values and just wants to get best matching tours with no
strings attached.
● cautious user: Mark is a cautious and accurate person who plans
all tours in detail. He prefers tours that give him all the information
to make a conscious decision. Thus, unknown values are the last
thing that he wants.

SELECT ID FROM tours
PREFERRING length AROUND 4, 2
AND vista IN ('excellent', 'good');

● adventurous user: Tina is adventurous and ready to tackle new
challenges. She likes to get surprised by new tours and to correct
missing values with her own hiking records. Hence, she prefers
tours with unknown values over fully documented tours.

5.2

Given the extended Preference SQL syntax, all these users are now
able to express their individual opinions concerning NULL values.

Extended Preference SQL Syntax

Following the formal framework presented in Section 4, the Preference SQL syntax has to be intuitively extended to allow the expression of newly defined NULL handling possibilities.
For NULL-insertion into the layers of categorical preferences this
is straight-forward, as shown in the following example:
Example 8. We translate Example 5 into Preference SQL:

Example 9. Sue as experienced user knows that the average tour
length in the desired area is about 35 kilometers and that tours with
unknown difficulty level are rarely difficult tours. Since she generally
prefers tours with a length around 50 kilometers and a hard difficulty
level she poses the following Preference SQL query:
SELECT * FROM tours PREFERRING
length AROUND 50 WITH NULL AT DISTANCE 15
AND
difficulty IN ('hard') with NULL AT LEVEL 1;

... PREFERRING difficulty LAYERED
(('easy'), ('medium'),
('hard', NULL), OTHERS)

Sue specified an explicit distance value that should be used for comparisons with NULL. Additionally, she placed NULL at level 1 of
a POS-preference, thus putting it into the same level as easy and
medium. As result the following tuples are returned from Table 1:

For the other placements of NULL the syntax
[Attribute] [Constructor] [Parameter] [NULL-handling]
is used. The first three parts of the term are interpreted as usual, say
that they are formally P = Cd (A, X, ≅P ). If the optional [NULLhandling] term is set, then a preference P = Cd (A, X, ≅P , N ) is
constructed, where N is assigned as follows:
● AVOID NULL: NULL becomes least preferred, i.e. N = Ndist
∞ .
● WITH NULL AT BMO: NULL is incomparable, i.e. N = N? . Note
that an incomparable NULL implies that NULL always occurs in
the BMO-set, because incomparable values cannot be dominated
by any other value.
● WITH NULL AT DISTANCE v: NULL is placed at distance v from
optimal value, i.e. N = Ndist
v .
● WITH NULL AT LEVEL v: NULL is placed at level v, i.e. N =
Nlevel
v .
● WITH NULL WORST: NULL is placed at the same distance as the
worst value of dom(A), i.e. N = Ndist
max .
Ndist
max

If the [NULL-handling] term is omitted, the placement N =
is used, i.e. WITH NULL WORST is the default NULL-handling.
To avoid the NULL-group in the grouping preference, i.e. to use
“P grouping¬N A”, the syntax [P] GROUPING [A] AVOID NULL is
used. Then a NULL-group is only considered if no other values for
A exist.

id
2
3
4

length
NULL
NULL
13.1

difficulty
easy
NULL
hard

rating
5
2
2

vista
bad
bad
good

Because NULL is put at distance 15, thus equally preferred as the
the value 50 − 15 = 35 for the length attribute, the tuples with id 2
and 3 are best matches w.r.t. the stated AROUND preference. Furthermore, NULL is in the same level as easy, hence both tuples are
retrieved. Additionally, the tuple with id 4 best matches the preference for tours of difficulty hard. Consequently, tuples with NULL
values can be part of the BMO-set in Sue’s case.
Example 10. Bob as indifferent user prefers tours with excellent
vista and lowest tour length:
SELECT * FROM tours PREFERRING
vista IN ('excellent') AND length LOWEST;

Since Bob doesn’t know much about NULL values, he posed a query
without explicit NULL handling, hence the default behavior is in
place. Here, NULL values are treated as being equally preferable to
the worst known attribute values, similar to NULL WORST. As result
the following tuples are returned from Table 1:

id
5

length
7.3

difficulty
NULL

rating
1

vista
excellent

The tuple with id 5 is a best match considering the POS preference and has the lowest length of all tours. For other preferences
terms, NULL values might still occur but less frequently compared
to Example 9 or 12.
Example 11. Mark as cautious user is looking for tours of difficulty
very easy and thus poses the following Preference SQL query:
SELECT * FROM tours PREFERRING
difficulty IN ('very easy') AVOID NULL;

Mark choses to avoid NULL values in the difficulty attribute if possible, hence NULL is treated as worse than the worst known attribute
values. As result the following tuples are returned from Table 1:
id
1
2
4

length
23.5
NULL
13.1

difficulty
medium
easy
hard

rating
4
5
2

vista
excellent
bad
good

Mark didn’t get any tuples containing NULL values in the difficulty attribute. Even in the absence of perfect matches for his preference, the best alternatives that are not of value NULL are returned.
Example 12. Tina as adventurous user likes tours with a length between 15 and 20 kilometers with a tolerance of 5 kilometers. With a
lower priority she is also interested in a medium difficulty:
SELECT * FROM tours PREFERRING
length BETWEEN 15,20,5 WITH NULL AT BMO
PRIOR TO
difficulty IN ('medium') WITH NULL AT BMO;

She specifies NULL to be a best match for each base preference. As
result the following tuples are returned from Table 1:
id
1
3

length
23.5
NULL

difficulty
medium
NULL

rating
4
2

vista
excellent
bad

Without having the NULL-handling parameter Tina would get the
tuple 1. Since she is adventurous the tuple 4 having NULLs in both
attributes is also returned. She may decide now.
The presented examples illustrate that the different possibilities of
treating NULL values in Preference SQL have a direct impact on the
returned BMO-sets. In contrast to hard constraints, none of the presented possibilities for NULL handling can guarantee that no NULL
values enter the BMO-set. Even by selecting “AVOID NULL” as handling strategy, complex preference queries might still return a BMOset containing NULLs, e.g. if a tuple with NULL in one dimension
is a perfect match considering another dimension in a Skyline query.

6

Summary and Outlook

In this workshop paper we have addressed the problem of preference
database queries over incomplete data, i.e., data having NULL values. We introduced a NULL handling which extends preference algebra and can easily be integrated in preference query languages. We
have proposed an insertion strategy for NULL in common preference
constructors and extended the syntax of Preference SQL to handle incomplete data. In contrast to other approaches for incomplete data,
the transitivity relation among data tuples is preserved, thus all existing techniques for preference or Skyline query evaluation are still

applicable. However, we observed that some preference optimization
laws [3, 8] – independent of our NULL handling approach – cannot be applied if NULL values exist in a database relation. Although
we proposed a model for NULL handling, its benefit must be evaluated in an practical use-case. For this we will extend Preference SQL
with our NULL handling behavior and will do some case-studies. Of
course, our approach for NULL handling is not restricted to database
queries. It can also be adopted by other preference models, e.g., in
the wide area of artificial intelligence and social choice theory.
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