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Abstract—We describe a methodology to find functional dependencies using the TANE algorithm. We also modify the TANE,
so we can use a similarity function to find dependencies ignored
due to precision of the exact method. These methods let us
generate automatic knowledge discovery in appropriate datasets.
In datasets where many-to-many relationships exists it is useful
for data cleaning process and database design.
Index Terms—crime, functional dependencies, database, similarity functions, data cleaning

FDs in the crimes dataset and present the relevant benchmarks.
Next, we analyze the results of applying our modified TANE
algorithm to the crimes dataset. By using this algorithm it
is possible to uncover relationships in the dataset that would
otherwise remain undetected. Finally, Section VII contains our
conclusions.
II. F UNCTIONAL DEPENDENCIES IN RELATIONAL
DATASETS

I. I NTRODUCTION
Functional dependencies are a common tool used for mining
information in datasets. Such dependencies might be used to
establish relationships among the attributes of a database and
contribute to automatic knowledge discovery. Thus we propose
a methodology that could help us to find those relationships by
seeking functional dependencies in sociodemographic datasets.
A functional dependency establishes a relationship between
two sets of attributes in a relation, in such way that the value
of the first set determines the value of the second. These kind
of relationships are useful to perform automatic knowledge
discovery, data mining, machine learning, normalization, etc.
However, in order to establish a functional relation between
two attributes, the inference process assumes that the data
is free from anomalies that could prevent such relationships
from being found, e.g., errors during the collection process. In
some cases, the very nature of the data makes difficult for the
inference process to establish a functional relation, e.g., small
differences for the value of an attribute.
The rest of the paper is structured as follows: in Section II
we review the theory of relational databases and survey the
existing algorithms used to infer functional dependencies.
Section III presents previous works about the use of similarity functions in the inference of functional dependencies.
In Section IV we introduce the process of data cleaning.
We present the methodology used to analyze a dataset of
crime occurrences in Section V, in particular we show the
transformations made on the data so the calculation of FDs
can be performed. Section VI contains our results. First we
show the results of using the TANE algorithm to obtain exact

Let U be a finite set of attributes denoted by {A1 , . . . , An }.
A relation r over U is a set of tuples {h1 , . . . hm }, where each
hi is given by:
[
hi : U →
dom(A), hi (A) ∈ dom(A)
A∈U

where dom(A) is a map that defines the domain of each
attribute A ∈ U. A functional dependency (FD) is a relation
given by the expression [1]:
X → A,

X ⊆ U,

A∈U

(1)

where:
• X → A means that X functionally determines A, i.e.,
given the value of X it is possible to uniquely determine
the value of A.
• A FD X → A holds in a relation r if for any pair of tuples
hi , hj ∈ r, hi (B) = hj (B), ∀B ∈ X =⇒ hi (A) =
hj (A), i 6= j.
• A FD is minimal if A does not functionally depend on
any proper subset of X, i.e., if removing an attribute from
X makes the dependency invalid.
• A FD X → A is trivial if A ∈ X.
• A FD defined as in Equation 1 is also called exact
functional dependency.
Given these definitions the following problem can be stated:
find all minimal and nontrivial exact functional dependencies
that hold on a relation r.
This problem can be solved using a brute force approach
using the following algorithm:
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I NPUT: A relation r.
O UTPUT: A set F containing all FDs in r.
1: procedure F IND ALL FD S (r)
2:
F ←∅
3:
for X ∈ P(U) do
4:
for A ∈ U\X do
5:
if r  X → A then
6:
F ← F ∪ {X → A}
7:
end if
8:
end for
9:
end for
10: end procedure
This algorithm simply analyzes all elements in the power
set of U (trivial FDs are not considered). Each X ∈ P(U)
represents a candidate FD for some A ∈ U, so the algorithm
verifies if such dependency holds in r. The complexity of such
algorithm is O(n2 2n |r|log|r|) [2], which is unacceptable for
most use cases. Due to the wide range of applications of functional dependencies several algorithms have been developed to
solve this problem [3]. Such algorithms can be classified as
follows:
A. Lattice traversal algorithms
Just like the brute force approach, these algorithms define
the search space of the problem as the power set of all
attributes in r. However, instead of exploring exhaustively this
search space, these algorithms employ a lattice where each
node corresponds to an element of the power set. To prune
the search space, the lattice is traversed in a bottom-up fashion
following only previously visited elements and candidate FDs
generated from stripped partitions. TANE [4], FD mine [5]
[6] and DFD [7] are examples of lattice traversal algorithms.
B. Difference and agree sets algorithms
These algorithms start by calculating the set of attributes
where a pair of tuples have the same value (agree sets), thus
the search space for these algorithms is given by the Cartesian
product of all tuples. Using this information it is possible to
calculate the maximal sets for any attribute A. These sets are
the largest possible sets of attributes that do not functionally
determine A. Finally, using the complements of the maximal
sets it is possible to derive all minimal functional dependencies
on r. Examples of this class of algorithms are FUN and DepMiner [8].
It is worth noting that these algorithms are still exponential
in the number of attributes in U, despite numerous efforts
no known algorithm solves the inference of exact functional
dependencies efficiently [9]. Moreover lattice traversal algorithms are sensible to the number of attributes in U, whereas
difference and agree sets algorithms are sensible to the number
of tuples in r [10]. In real world applications this means that
lattice traversal algorithms can not handle data sets with a large
number of attributes, and difference and agree sets algorithms
can not handle data sets with a large number of tuples [3].
When using any of these algorithms in a real world application

it is necessary to take into account the features of the data in
order to select an appropriate algorithm.
III. F UNCTIONAL D EPENDENCIES VIA SIMILARITY
FUNCTIONS

Exact functional dependencies are not always appropriate
to determine if the attributes in a database are related in any
meaningful way. According to section II for a FD to hold, it
is necessary that an equivalence relation exists between two
sets of attributes. However, in real world datasets such criteria
is rarely met. As will be shown in Section VI sometimes even
the nature of the data is responsible for such outcome. One
way to overcome such limitation, that has been extensively
studied, is to relax the requirement for equivalency using a
similarity function.
A similarity function K : X × X → R+ associates every
pair of elements in X, a real number that express the similarity
between the elements of X (data objects), it is higher when
two elements are more alike. In the same way it is possible to
define the dual concept of dissimilarity (or distance) function
as a function that express the difference between two objects.
They are both called proximity measures. Similarity functions
have the following properties:
• Non-negativity: ∀x, y ∈ X, σ(x, y) ≥ 0
• Maximality: ∀x, y ∈ X, σ(x, x) ≥ σ(x, y)
• Symmetry: ∀x, y ∈ X, σ(x, y) = σ(y, x)
where σ(x, y) is the similarity between the data x and y.
They can be used to identify [11]:
• Duplicate data that may have differences due to typos.
• Equivalent instances from different data sets, e.g., names
and/or addresses that are the same but have misspellings.
• Groups of data that are very close (clusters).
One of the earliest works that use similarity functions in
relational databases appears in [12]. Here the authors analyze
the problem of defining relations among the attributes of a
dataset when missing data is found. A tuple missing a value for
some attribute effectively prevents a FD from being found. To
solve this problem, the authors define a relation between any
two attributes in the dataset using similarity functions. In this
work, a similarity function must be understood as a reflexive
and symmetric map between any pair of elements belonging
to a set of attributes, and the interval [0, 1]. The results show
that structuring a dataset using proper similarity functions for
each attribute allows to perform queries that determine if a
property holds within a certain set of attributes.
Another alternative is given by approximate functional
dependencies [13]. Here, an error measure that determines how
far is a candidate FD from being valid is used. Therefore, a
low error indicates a possible dependency between two sets
of attributes. Commonly the error measure is defined using
the number of tuples that prevent a FD from being valid.
Approximate dependencies are used to verify the correctness
and consistency of data during the process of data cleaning.
The main advantage of approximate dependencies is that to
calculate them, it is only necessary to modify an existing algorithm that infers FDs. The main disadvantage of approximate

dependencies is to determine how big the error measure can be
before declaring a dependency between two sets of attributes.
A solution to this issue is given in [14], where the authors use
mutual information to define error estimators.
Matching dependencies [15] [16] are another extension to
FDs that intend to overcome the limitations of equivalence
relations. A matching dependency specifies a restriction that
must be satisfied in order to establish a functional dependency
between two sets of attributes. Consider a dataset with attributes X and Y . If X functionally determines Y , then this
means that any pair of tuples in X have at least a similarity α,
and that any pair of tuples in Y have a similarity of at least β.
Here α, β ∈ [0, 1] are obtained using an appropriate similarity
function, e.g., the Minkowski distance for numerical data, or
the Levenshtein distance for text data.
Another example of dependencies based on similarity functions are metric functional dependencies [17]. Given two sets
of attributes X and Y , if for every set of tuples having the same
value in X, corresponds a set of tuples with similar values
in Y then there is a metric functional dependency between
X and Y . Mathematically we can define a metric functional
dependency as follows: given a similarity function d fulfilling
the triangle inequality, two sets of attributes X and Y define
a metric functional dependency if the set of all tuples with
value x in X, when projected into Y , lies within a ball of
diameter δ. Note that in contrast to matching dependencies,
metric functional dependencies only use similarity functions
in the right hand side of the relation. This kind of relation
depends on interpreting data as points in a highly dimensional
metric space, so it is particularly fit for numerical and text
data.
As we have seen exact functional dependencies do not
always represent adequately the relationships of a dataset. As
stated previously, functional dependencies are important for
a great number of disciplines, so there exists great interest
in designing algorithms to calculate these relations. It is
important to remember that this is a hard problem, exponential
in the number of attributes in a dataset.
Of course, non-exact functional dependencies require additional processing to calculate the similarity of any two tuples
of a set of attributes. Thus, it is desirable to have algorithms
that can handle the large number of data in most databases.
In the present article we present an extension to a well known
algorithm for the inference of exact functional dependencies
that allows to calculate functional dependencies based on
similarity functions. Our approach has the advantage that it
is easy to implement, and also adapts well to scenarios where
previously defined works do not apply.
IV. DATA C LEANING
While data is being collected it is prone to errors either
because it is manually collected or there is no standardized
process for filling out the registers. Some of this sources of
error may include misspellings, an erroneous entry, an entry
into a wrong field, inconsistent timing, missing values and
duplicates. Since the inference of functional dependencies

depends on matching two or more tuples according to one
or more attributes, it is necessary to guarantee the quality of
the data before any processing can be done. In particular the
data set must fulfill the following requirements [18]:
• Accuracy: The dataset agrees with real data.
• Timeliness: All data is up to date.
• Completeness: All values of an attribute have been
recorded.
• Consistency: Data representation is uniform.
• Uniqueness: No duplicates.
We say that there is an anomaly if any of these properties
does not hold. So we need a process that ensures that these
anomalies are corrected, such process is called data cleaning.
We can classify these anomalies as:
• Syntactic, such as lexical and domain format errors
(values that does not conform the expected format for
an attribute) and certain irregularities.
• Semantic, that include integrity constraints, contradictions, duplicates an invalid tuples.
• Coverage, as they are missing values and missing tuples.
Due to the amount of data in large datasets, it is necessary
to automate this process. The following are some tasks that
should be included in any data cleaning process [19]:
• Determine the anomaly type.
• Find all anomalies in the dataset.
• Correct all found anomalies.
• Verify that all anomalies have been corrected.
V. T HE PROPOSED METHODOLOGY
The focus of the present work is a dataset henceforth called
crimes, that contains crime occurrences in the municipality of
Nezahualcóyotl, México between 2016 and 2017. The dataset
is in a CSV file with n = 15 and |r|= 16425, where n is
the number of attributes and |r| is the number of tuples. The
occurrence of a crime is described using information such as:
• Date and time. The date and time at which the crime
occurred.
• Address. The name and number of the street where the
crime occurred.
• Location. The (X, Y ) coordinate where the crime occurred.
• Type. The type of crime that was committed.
In the following sections we detail the transformations and
processing of this dataset that allows us to obtain the FDs in
the data.
A. Data cleaning
Most of the data that comprises sociodemographic datasets
comes from field studies that collect information about urban
areas [20]. Since the data is collected manually is particularly
prone to anomalies such as lexical errors, missing values, and
domain format errors. These anomalies make the discovery of
any meaningful relationship a very difficult task, to remove
them we performed the following transformations on the data
using the Pandas Python library.

TABLE I: Domain format errors in the dataset.

TABLE III: Results of the experiments for the crimes dataset.

Tuple

DATE

TIME

Dataset

n

|r|

N

Time (s)

Memory

2
3519
15130

1/1/2016
14/05/16
1-Jul

6:40
17:00 A 20:15
14:00

crimes
chess
abalone
nursery

15
7
9
9

16425
28056
4177
12960

915
1
137
1

10.0896
0.5353
0.19446
0.88912

322.0 MB
60.8 MB
27.2 MB
90.8 MB

TABLE II: Domain errors corrected.
Tuple

DATE

START_TIME

END_TIME

2
3519
15130

1/1/2016
14/05/16
1-Jul

6:40
17:00
14:00

6:40
20:15
14:00

1) Missing errors. The first transformation applied to
the data was to remove missing fields from the
dataset, e.g., in some cases it was not possible to
collect the street number where a crime was committed. In these cases a dummy value consisting of
the string NO_ATTRIBUTE_NAME was used instead.
ATTRIBUTE_NAME is the name of the corresponding
attribute, e.g., STREET.
2) Lexical errors. As en example of this type of errors
consider the attribute STREET_NUMBER which represents the particular address where a crime occurred. An
example of an entry for this particular value is the string
AV, PANTITLAN. Since our dataset is in CSV format
no entry for an attribute may contain a comma character.
A simple replacement of a comma with another suitable
character, e.g, a period is enough to solve this anomaly.
3) Domain format errors. The prime example of this kind
of anomalies occurs in the attributes TIME and DATE.
Consider the tuples and their corresponding attributes
shown in Table I. Here we can observe that there are
multiple formats in use for the attribute DATE. It is
not possible however, to simply parse each string to
produce a uniform format. To solve this problem it was
necessary to use a regular expression suitable for each
of the formats, then extract each field of the date and
finally produced a single format DAY/MONTH/YEAR for
all tuples.
The case of the TIME attribute, Table I shows that some
tuple contain a single value representing the time at
which the crime occurred. However, entry 3519 contains
two time values that represent an estimate or time
interval for the crime. For this scenario we decided to
split the time attribute in two: a START_TIME representing the starting time of the crime, and an END_TIME
attribute that represents the end time of the crime. This
transformation has the advantage that it is possible to
operate on the values of the attributes to obtain a time
interval if necessary. Table II shows the result of this
processing.
We also create a new attribute named COORDINATE made
of attributes X and Y, separated by a space in order to use
Minkowski distance.

B. Inference of functional dependencies
As stated in Section II it is critical to consider the features
of a dataset before selecting a particular algorithm for the
inference of FDs. Comparative studies of the performance
of several algorithms for this problem can be found in [3]
and [10]. The results show that for all datasets tested, the
TANE algorithm commonly outperforms other lattice traversal
algorithms. For reference FD mine fails for datasets with
n > 17, and DFD fails for n > 27, where n is the number of
attributes in the relation. Moreover, when compared to difference and agree sets algorithms, TANE is only outperformed
significantly in some datasets (for n > 30, TANE exceeds a
100 GB memory limit). Taking this information into account
we have selected TANE to calculate the FDs of the crimes
dataset.
VI. R ESULTS
A. Benchmarks
In this section we report the results of using the TANE [21]
algorithm to obtain the FDs of the crimes dataset. A C++
implementation of the TANE algorithm compiled with the
GCC g++ compiler version 7.3 was used. Experiments were
performed on a desktop PC running at 2.9 GHz with 8GB
of RAM. To obtain an accurate estimate of the running
time of the TANE algorithm for the crimes dataset, 100
runs of the algorithm were performed and their running time
was averaged. The time of each individual execution was
measured using the UNIX time command. Table III shows
the results of these experiments, the attribute N represents the
number of FDs found. For comparison similar experiments
were performed using well known data sets taken from the
UCI Machine Learning Repository [22].
As expected the running time for the crimes dataset is longer
than the time observed in the other datasets. As stated in
Section II, TANE is an exponential algorithm sensible to the
number of attributes in a relation. However, it is important to
note that factors such as the number of tuples and the number
of FDs in the dataset also play an important role in determining
the running time of the algorithm.
B. Analysis of FDs in the crimes dataset
The output of the algorithm is a set (in lexicographical
order) of all valid, minimal and nontrivial FDs in the crimes
dataset. An exhaustive analysis of the 917 dependencies is of
course beyond the scope of this article. Instead consider the
following sample of the results:
1) END_TIME, MONTH, X, Y → STREET
2) END_TIME, X, Y → CRIME_TYPE

C. Similarity functions
A possible solution to this problem is as follows, instead
of requiring that two different tuples have the same value in
order to belong to the same equivalence class, we determine
membership trough a similarity function. The effect of this
change is that close enough values of an attribute will belong
to the same equivalence class. It is expected then that a
functional dependency X → A holds even if two different
tuples of X have slightly different values for attribute A.
To clarify this idea consider Table IV, which shows a small
subset of the iris dataset. This dataset contains taxonomic data,
in which the width and length of the petal or sepal are traits,
that could determine each one of the three different species of
iris plant. It is well known that the iris dataset has only four
FDs X → A, with |X|= 3, i.e., it is necessary to know at
least three of this features in order to determine the species
of the plant. It is worth noting that in Table IV the tuple
(4.8, 1.8) in rows 3 and 5 prevents a functional dependency
(Petal length, Petal width) → Class from being
valid. Since it would be unreasonable to expect that a measure
such as the length or width of a petal be the same in every
individual of the species, it is clear that a dependency must
be defined taking into account such a small differences.
To determine a FD, the TANE algorithm uses the concept
of partition. A partition is a collection of equivalence classes,
i.e., sets of tuples that have the same value on some set of
attributes X. If t(A) denotes the value of attribute A for tuple
t, then two tuples t1 and t2 are equivalent on attribute set X
if t1 (A) = t2 (A), ∀A ∈ X. An equivalence class is a set of

TABLE IV: A subset of the iris dataset.
Sepal length

Sepal width

Petal length

Petal width

Class

5.1
4.7
5.9
6.1
6
6.7

3.5
3.2
3.2
2.8
3
3.1

1.4
1.3
4.8
4.0
4.8
5.6

0.2
0.2
1.8
1.3
1.8
2.4

Setosa
Setosa
Versicolor
Versicolor
Virginica
Virginica

4

N

3) START_TIME, MONTH, Y → CRIME_TYPE
Dependency 1 is a typical example of the dependencies
found in the crimes dataset. It simply shows that as the number
of attributes increases in the left hand side of the dependency it
is more likely to uniquely determine the value of the attribute
in the right hand side.
Dependencies 2 and 3 represent the type of relationship
that might be interesting if conditions that lead to a crime
are desirable. It would be too risky however to state that by
looking at a time and (x, y) location it would be possible
to determine the type of crime that would occur. Analysis
of the data set reveals that the only reason this dependency
exists is because each crime was committed at a different time
and location, so it is obvious that a dependency would be
found. We conclude that while these results might be used for
database design, e.g., to normalize a database, they cannot be
used to construct a predictive model of crime occurrences.
One of the reasons that leads to these results is that FDs are
determined through an equivalence relation. For an attribute A
to functionally determine attribute B it is necessary that every
equivalence class in A to uniquely determine a value in B.
If a single tuple in an equivalence class does not meet this
criteria then we say that A does not functionally determine
B. Nevertheless, meaningful relationships might exists in a
dataset even if some tuples fail to meet the requirements of
an exact FD.

(Pl, Pw → Class)

3

2
0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

δ

Fig. 1: The FD that relates the petal length (Pl) and petal width
(Pw) holds for a value of δ = 0.25.

tuples that are all equivalent on attribute set X. The set of all
equivalence classes for X is a partition denoted by πX . From
[4] it is known that a FD X → A is valid in some relation r
if and only if |πX |= |πX∪A |, where |πX | denotes the number
of equivalence classes in partition πX .
So if we intend that TANE takes into account small differences in the value of a tuple for some attribute A, it
is only necessary to determine membership of a tuple to
some equivalence class according to a similarity function.
Therefore, two tuples belong to the same equivalence class
if d(t1 (A), t2 (A)) ≤ δ, where d is a distance function and δ
is a threshold parameter.
According to these ideas, it is possible to construct equivalence classes for each attribute of a relation using appropriate
similarity functions. For example, in the crimes dataset we
could use a Levenshtein distance for attributes that contain
textual information (STREET), a Minkowsky distance for
numerical attributes (X and Y), the difference between two
dates for the attribute DATE, or any other that fits the data.
We executed our implementation of the TANE algorithm
with these modifications [23], using the Minkowski distance as a similarity function to construct the equivalence
classes of the attribute “Petal Length”. For this experiment,
Figure 1 shows that for a value of δ = 0.25 the FD
(Petal length, Petal width) → Class holds in the
relation. This small example illustrates that for datasets where
attributes have domains that make difficult to infer exact FDs,
our version of the TANE algorithm correctly infers relations
in the data that are useful for machine learning or automatic
knowledge discovery.
Due to the nature of the attributes in the crimes dataset,
which has many-to-many relationships, it is very difficult
to perform a task such as knowledge discovery. Consider
for example, the attributes CRIME_TYPE and DATE that

represent the kind of crime that was committed and the date
of the occurrence of the crime respectively. According to the
definition of functional dependency, for these two attributes to
be related it would be necessary that for every date recorded
a single type of crime have been committed or vice versa,
which is, of course, highly improbable. Nevertheless, in cases
such as this, our methodology is still useful to find anomalies
in the data that could have been omitted by the data cleaning
process. For instance, the attribute MONTH can be deduced
from the attribute DATE, i.e., DATE → MONTH. In the same
way, it should be easy to deduce the SECTOR attribute from
QUADRANT attribute since every quadrant has exactly one
sector. Nonetheless, this FD is not discovered by the TANE
algorithm for exact FDs, even when in the data cleaning step
leading and trailing spaces as well as unfilled fields were
corrected. However, when we used our modified algorithm
together with a Levenshtein similarity function (δ = 1), the
dependency is found.
VII. C ONCLUSIONS AND FUTURE WORK
We have shown that using exact functional dependencies to
analyze the crimes dataset does not yield any useful relation
between the traits that define the occurrence of a crime and
the kind of crime committed. Due to the spatial nature of this
dataset we only found dependencies of such nature that could
be deemed as trivial. However, by using similarity functions
it was possible to find additional functional dependencies that
while obvious, highlight problems in the data cleaning process
and thus can be used to improve it.
It must be noted that in its present form our methodology
is not adequate to perform knowledge discover on the crimes
database. However, it might be possible to consider further
modifications to our version of the TANE algorithm in order
to calculate approximate functional dependencies based on
similarity functions. By doing this we can discard a certain
number of tuples that prevent a dependency from being valid,
and also take into account data that is not clean enough, or
data that contains tuples with values that are similar.
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