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Abstract—Pattern mining usually results in huge amounts of
patterns, among which only small percentages are interesting. In
this paper, Surprisingness (including Surpringness_I and
Surpringness_II) is proposed as an innovative objective
multivariate interestingness measure for automatically
identifying interesting patterns from a large quantity of patterns.
Surprisingness is applicable in unstructured or semi-structured,
multi-domain or mixed-domain data compared to existing
measures. An experiment has been conducted enabling
unsupervised learning of common sense, interesting patterns and
exceptions from Wikipedia 1 extracted data of random mixed
domains (represented as a directed labeled hypergraphs), using
the combinations of support2 and Surpringness.
Keywords—Surprisingness, Interesting pattern mining,
Interestingness measure, hypergraph pattern mining, common
sense learning

I. INTRODUCTION
A common problem in pattern mining is that only a very
small percentage of the huge amount of discovered patterns is
interesting / useful [1]. Therefore, a lot of effort has been put
into the research of pattern interestingness measures, falling
into two main categories: subjective interestingness measures
and
objective
interestingness
measures.
Subjective
interestingness measures [2-5], involve the user’s background
knowledge about the data as input bias, constraints, beliefs,
expectations or interactive feedbacks, which may be
represented in various forms, thus the measures are usually
incorporated into the mining process. Conversely, objective
interestingness measures only take the data into account
(without additional user inputs), so they are often easily
represented as mathematical formulas based on statistics, or
information theory [6].
Different from most existing research that focuses on
learning a particular problem from data of a specified domains,
(e.g. learning weather changing patterns from historical
weather data; learning consumer behavior patterns from
shopping cart data), the goal of this research is to enable AI to
1
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Support is also known as “count”, “occurrence” and “frequency”. They may
have different forms, but describe the same feature of a pattern.
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learn general common sense from messy data – Wikipedia
extracted data of randomly mixed domains. Given the
“unsupervised learning” research direction, this paper will
focus on objective instead of subjective interestingness
measures.
II. BACKGROUND STUDIES
The term “Unexpectedness” is usually used in subjective
measures [3]. Here we adopt a different term “Surprisingness”
for our proposed objective interestingness measure, standing
for “Objective Unexpectedness”. Next we review the related
research on objective interestingness measures, which mainly
fall into two topics: (1) identifying interesting association rules
or itemsets; (2) multivariate information quantity measures in
information theory. Although there are different data forms
(itemsets, trees, graphs, hypergraphs), and different pattern
forms (subsets, substructures, implication rules, association
rules); as long as the interestingness measures are not
dependent on the particular data structure, and not involved in
distinguishing the antecedent and consequent of a rule (the
causal relations), then the interestingness measures can
generally be shared among them.
A. Identifying interesting association rules or itemsets
Let I = {I1, I2, … Im} be a set of items (can be entities or
attributes); T = {t1,t2,…tn} be a database of transactions in
which each transaction t ⊆ I; A, B ⊂ I are sets of items called
itemsets, and A ∩ B = ∅. A typical association rule format is:
R(A→B), where A is the antecedent and B is the consequent,
e.g.: R(has_job → loan_approved) [6].
A typical interesting itemset S ⊆ I, is purely a subset of
items of I, for example: {beer, diapers}, which does not
specify the antecedent and consequent [7].
Due to the page limit, we only review some basic measures
in brief (see Table I). For detailed reviews, please check out
these surveys [6], [8].
TABLE I.

A LIST OF BASIC PATTERN INTERESTINGNESS MEASURES.

Measure
Support(A→B) = P(AB)

Brief description
The frequency that A and B co-occur
in a single transaction in T.

Confident(A→B)
= P(A|B) =

P(AB)
P(B)

Added_Value(A→B)
= P(B|A) − P(B)
=

P(AB)
P(A)

− P(B)

Lift(A→B)
=
=

𝐂𝐨𝐧𝐟𝐢𝐝𝐞𝐧𝐭(A→B)
𝐒𝐮𝐩𝐩𝐨𝐫𝐭(B)
P(AB)
P(A) P(B)

Cosine (A→B)
=

P(AB)
√P(A) P(B)

Piatetsky-Shapiro’s
(A→B) = P(AB) − P(A)P(B)
Relative_Risk (A→B)
=

P(B|A)
P(B|A)

The percentage of the number of
transactions containing both A and B
compared to the number of
transactions that contain B.
The
difference
between
the
probability B occurs under the
condition A occurs in a transaction
and the probability of B occurring no
matter if A occurs or not. It indicates
how much A increases or decreases
the occurrence of B.
The ratio of the joint probability of A
and B co-occurring in the same
transaction to the expected probability
assuming A and B are independent.
A variant of Lift.
(Tan and kumar 2000)
A variant of Lift.
(Piatetsky-Shapiro 1991)
The comparison of the probability of
B occurring with and without the
presence of A in the same transaction.

Measures like Relative_Risk (see Table I) which take
“absence” (or “negation”) into account [9-11], are not
applicable in our research data in which such negation records
are not provided and impractical to generate, because our
research data is not structured. For example, for the record
“Albert Einstein is a physicist”, 999999 negations have to be
generated if there are 1000000 different predicates in the data,
e.g. “Albert Einstein is not a movie star, is not Japanese, was
not born in UK... and so on”.
There are several more recent measures, such as: Nonredundant association rules [12], Free-Sets [13], Non-derivable
itemset [14], Low-Entropy Sets and Trees [15], Productive
criterion [16], Self-Sufficient Itemsets [7] and Non-redundant
Subgroup [17]. Productive criterion and Self-Sufficient
Itemsets as below are more close to our study topic. Due to the
page limits, please check out more details in [16] and [7]:
Productive criterion specifies that the frequency of the
itemset must be greater than that which would be expected
under any assumption of independence between any partition
of the items into any independent subsets:
𝐒𝐮𝐩𝐩𝐨𝐫𝐭(𝐒) > ∏ 𝐒𝐮𝐩𝐩𝐨𝐫𝐭({s})
s∈S

In the case of two subsets: ∀ S1, S2 : S1⊂S ∧ S2⊂S ∧ S1
∪S2 =S ∧ S1∩S2 =∅, if Support(S) > Support (S1) Support
(S2), then S is productive [16].
Self-Sufficient Itemsets are itemsets that satisfy productive
criterion, nonredundant criterion and “exclusive criterion” [7].
Nonredundant itemset: ∀ Q⊂R⊂S, if Support (Q) >
Support (R), then S is non-redundant, which requires that any
subset R of S should have a larger support than one of its
subsets. For example, any superset of {female, pregnant} will
be redundant because {female, pregnant} has the same support
with its subset {pregnant}[7].
Identify applicable funding agency here. If none, delete this text box.

“Exclusive criterion” in [7] will take more space to review
than available here. But its spirit can be simply explained as
“Not expressed by any of its supersets that include it”, which
filters itemsets on the basis of their supersets. For example,
{beer, pretzels} is not self-sufficient, if it mostly occurs with its
superset {beer, diapers, pretzels}.
B. Multivariate information quantity measures in information
theory
Mutual Information (MI) is the most well-known measure
to evaluate the amount of information two random variables
share - the mutual dependence, which also indicates the
interestingness of their concurrence:
𝐌𝐈(𝐗𝐘) = ∑ ∑ 𝐏(𝐱, 𝐲) 𝐥𝐨𝐠 (
𝐲∈𝐘 𝐱∈𝐗

𝐏(𝐱, 𝐲)
)
𝐏(𝐱)𝐏(𝐲)

= 𝐇(𝐗) + 𝐇(𝐘) − 𝐇(𝐗𝐘)
A lot of pattern mining applications contain patterns with
more than two variables (e.g. {beer, diapers, pretzels}), thus
multivariate measures are needed. There are a few existing
multivariate interestingness measures: Interaction Information
[18], Total Correlation [19] and co-information [20]), which
could be but have not been used in identifying interesting
patterns as far as we know. Interaction Information, the most
well-known among them, will be used to compare to our
Surpringness in the experiment results (see V). Interaction
Information [18] for three variables is formally defined as:
𝐈(𝐗𝐘𝐙) = 𝐈(𝐗𝐘|𝐙) − 𝐈(𝐗𝐘) = 𝐈(𝐗𝐙|𝐘) − 𝐈(𝐗𝐙)
= 𝐈(𝐘𝐙|𝐗) − 𝐈(𝐘𝐙)
= 𝐇(𝐗) + 𝐇 (𝐘) + 𝐇 (𝐙)
− 𝐇(𝐗𝐘) − 𝐇(𝐗𝐙) − 𝐇(𝐘𝐙) + 𝐇(𝐗𝐘𝐙)
N-variable Interaction Information can be defined as:
𝐈(𝐗𝟏 𝐗𝟐 . . . 𝐗𝐍) = 𝐈(𝐗𝟏 𝐗𝟐 . . . 𝐗𝐍 − 𝟏) − 𝐈(𝐗𝟏 𝐗𝟐 . . . 𝐗𝐍 − 𝟏|𝐗𝐍)
𝐍

= ∑(−𝟏)𝐤−𝟏
𝐤=𝟏

∑

𝐇(𝐗)

𝐗⊂(𝐗𝟏,𝐗𝟐,…𝐗 𝐍 )
|𝐗|=𝐤

= 𝐇(𝐗𝟏) + 𝐇(𝐗𝟐) . . . + 𝐇(𝐗𝐍) . . . (−𝟏) 𝐇(𝐗𝟏 𝐗𝟐, . . . 𝐗𝐍)
𝐍−𝟏

It measures the total dependence of each variable on the
other variables in an n-variable set. Intuitively it indicates how
strongly these n variables bind together as a pattern.
III. SURPRISINGNESS EVALUATION
Our proposed novel interestingness measure –
Surprisingness, composed of Surprisingness_I (Surp_I in short)
and Surprisingness_II (Surp_II in short). Surpringness_I
evaluates how difficultly a pattern’s frequency can be derived
from its components (subpatterns); Surpringness_II evaluates
how difficultly a pattern’s frequency can be derived from its
superpatterns.
A. Surprisingness_I
Def 1. Surprisingness_I of a pattern is the minimum
absolute difference between the actual frequency of this pattern
and the expected frequency of any existing combination of all

its components (subpatterns) under the assumption of
independence, normalized by the expected frequency. (Note
that subpatterns that do not have instances in the database will
not need to be taken into account – this situation only happens
in tree, graph, and hypergraph databases, which will be
explained below). It can be represented as:
𝐏(𝑺) − ∏𝐬∈𝐒 𝐏({𝐬})
𝐒𝐮𝐫𝐩_𝐈(𝐒) = 𝐦𝐢𝐧 {|
|}
∏𝐬∈𝐒 𝐏({𝐬})
S is the pattern to be evaluated; P is the frequency (also
known as support, probability); s is one component / subpattern
of S. In the case of 3-variable patterns, for pattern S={ABC},
Surp_I(ABC) can be represented as below:
Surp_I(ABC) = min {|
= min {|
|

𝐏(𝐀𝐁𝐂)– ∏𝐬∈{𝐀𝐁𝐂} 𝐏({𝐬})

𝐏(𝐀𝐁𝐂)– 𝐏(𝐀𝐁)𝐏(𝐂)
𝐏(𝐀𝐁)𝐏(𝐂)

𝐏(𝐀𝐁𝐂)– 𝐏(𝐁𝐂)𝐏(𝐀)
𝐏(𝐁𝐂)𝐏(𝐀)

|, |

∏𝐬∈{𝐀𝐁𝐂} 𝐏({𝐬})

|, |

|}

𝐏(𝐀𝐁𝐂)– 𝐏(𝐀𝐂)𝐏(𝐁)
𝐏(𝐀𝐂)𝐏(𝐁)

𝐏(𝐀𝐁𝐂)– 𝐏(𝐀)𝐏(𝐁)𝐏(𝐂)
𝐏(𝐀)𝐏(𝐁)𝐏(𝐂)

|,

|}

Surprisingness_I is similar to a normalized generalization
of Webb’s Productivity criterion [16], but different.
Surprisingness_I is more applicable to common sense learning
from real-life data, because:
1) Surprisingness_I is normalized to avoid the value
becoming absolutely high just because the related frequencies
are high. Normalization is not taken into account in most
researches that focus on data from one single domain, because
the number of instances of the patterns are usually of the same
scale; but for learning common sense from random input data,
the average number of instances from one domain is usually
very different from the another domain. For example, there
may be 1000 politicians but only 10 video games in a random
knowledge dataset. Therefore normalization is necessary.
2) By using absolute value (modulus), Surprisingness_I
values both a positive and a negative difference between the
actual frequency and the expected frequency of a pattern. This
enables Surprisingness_I to identify surprisingly low
frequency patterns, which may also be interesting in common
sense learning, e.g.:
Example 1:
A: X is human; B: X is female; C: X is a programmer
P(A) = 1 , P(B) = 0.5, P(C) = 0.001,
P(AB) = 0.5, P(BC) = 0.0001, P(AC) = 0.001
Surp_I(AB) = min{|P(AB)–Psub(AB)| / Psub(AB)}
=|0.5 – 1*0.5| / 0.5 = 0
Surp_I(AC) = min{|P(AC)–Psub(AC)| / Psub(AC)}
=|0.001 – 1*0.001| / 0.001 = 0
Surp_I(BC) = min {|P(BC)–Psub(BC)|} =|0.0001 – 0.5*0.001|
= |– 0.0004| / 0.0005= 80%

Therefore AB and AC are not interesting according to
Surprisingness_I. Although P(BC) is very low, Surp_I(BC)
suggests that there are 80% less female programmers than

expected, so that it will be identified as an interesting pattern,
which makes sense in common sense learning.
3) Surprisingness_I is also applicable on substructure
patterns with incomplete data. A knowledge database in
common sense learning, like Wikipedia is usually incomplete.
But methods that are applied on itemsets, usually require
evaluation of all subpatterns (components) of a pattern (see II);
for itemset data, all components of a pattern will certainly
occur in the database. For example if the pattern (ABC) occurs
then (A), (B), (C), (AB), (AC), (BC) all occur. But in a tree or
graph / hypergraph database, for example if pattern (A-B-C)
occurs, only (A), (B), (C), (A-B) and (B-C) are certain to
occur, while (A-C) does not necessarily occur (It is uncertain
that A and C are connected). Therefore, in the case of tree or
graph / hypergraph databases with incomplete data, measures
like Productive criterion (see II.A) and Interaction Information
(see II.B) cannot be evaluated properly. Surprisingness_I is
applicable in this situation because it evaluates all the existing
combinations of subpatterns, and selects the minimum value
from the evaluation results.
B. Surprisingness_II
Surprisingness_II is originally proposed by this paper, which
evaluates the relations of patterns and their superpatterns.
Definition 2: Surprisingness_II of a pattern is the
minimum difference between its actual frequency and the
derived frequency from any of its existing superpatterns,
normalized by the corresponding derived frequency. It can be
represented as:
𝐒𝐮𝐫𝐩_𝐈𝐈(𝐒) = 𝐦𝐢𝐧 {|

𝐏(𝑺) − 𝐏𝐬𝐮𝐩 (𝑺𝒊∗ , 𝑺)
|}
𝐏𝐬𝐮𝐩 (𝑺∗𝒊 , 𝑺)

𝑺∗𝒊 is one superpattern of S, and 𝐏𝐬𝐮𝐩 (𝑺∗𝒊 , 𝑺) is the expected
probability of S derived from this superpattern 𝑺∗𝒊 . The
calculation of the expected probability of S from one of its
superpattern 𝑺𝒊∗ can be simply done by multiplying the
probability of 𝑺∗𝒊 with the percentage of 𝑺∗𝒊 composed of S.
In the case of 3-variable patterns, for pattern S={ABC},
Surp_II(ABC) can be represented as below:
𝐒𝐮𝐫𝐩_𝐈𝐈 (𝐀𝐁𝐂) = 𝐦𝐢𝐧 {|
where

𝐏𝐬𝐮𝐩 ((𝐀𝐁𝐂)∗𝐢 , (𝐀𝐁𝐂))
𝐏(𝐀)
∗

{{ (𝐀 𝐁𝐂)

{ (𝐀𝐁 ∗ 𝐂)
{

𝐏(𝐀𝐁𝐂)− 𝐏𝐬𝐮𝐩 ((𝐀𝐁𝐂)∗𝐢 ,(𝐀𝐁𝐂))

𝐏(𝐀∗ )
𝐏(𝐁)

𝐏𝐬𝐮𝐩 ((𝐀𝐁𝐂)∗𝐢 ,(𝐀𝐁𝐂))

|},

∈

| A* ∈ all the superpatterns of A},
| B* ∈ all the superpatterns of B},

𝐏(𝐁 ∗ )
∗ 𝐏(𝐂)
(𝐀𝐁𝐂 ) ∗ |
𝐏(𝐂 )

C* ∈ all the superpatterns of C}}

The superpattern here is different from the superset used in
the “exclusive criterion” in Self-Sufficient Itemsets [7]. In
order to explain the differences, two types of superpatterns in
tree / graph/ hypergraph databases need to be introduced first:

Example 2: A toy database:
A: X is blonde; Z: X is in Sweden; B: X is in Stockholm;
C: X is in Gothenburg; D: X is in Malmö
P(A) = 0.1, P(Z) = 0.0002
P(B) = 0.00005, P(C) = 0.00003, P(D) = 0.000018,
P(AB) = 0.000079, P(AC) = 0.000046, P(AD) = 0.000028,
P(AZ) = 0.00031
Some other records in the database:
Stockholm is a part of Sweden;
Gothenburg is a part of Sweden;
Malmöis a part of Sweden.

Example 2-a: Evaluated by Surprisingness_I

Fig.1. An example of two different types of superpatterns.

In Fig.1, the original graph pattern Go (var1 is a dog &
var1eats pork) can be converted into an itemset Io= {is a dog,
eats pork}; and the Type 1 superpattern G1 (var1 is a dog &
var1 is a pet & var1 eats pork) can also be converted into an
itemset: I1= {is a dog, eats pork, is a pet}; the 3rd item “is a pet”
adds a new constraint to var1, therefore P(I1) ≤ P(Io).
Conversely, in the Type 2 superpattern G2 (var1 is a dog &
var1 eats var2 & var2 is meat), the constant node“pork”is
abstracted into a variable node “var2”. Thus it cannot be
converted into a 1-dimensional structure - itemset. Instead of
enhancing the constraint to var1, G2 weakens one of the
constraints from “eats pork” into “eats something that is
meat”, so P(G2) ≥ P(Go). Type 1 superpatterns are used in
Self-Sufficient Itemsets [7]; while Type 2 superpatterns are
used in Surprisingness_II in this paper. Type 2 superpatterns
are easy to be extracted automatically in any tree / graph /
hypergraph database. Type 2 superpatterns do not exist in
typical itemset databases, but they exist in hierarchical itemsets
with extra manual added taxonomies [21, 22]. So if you want
to apply Surprisingness_II in itemsets, extra manual work is
required. Therefore it is better applied in tree / graph /
hypergraph databases.
Surprisingness_II is able to filter out some obviously
uninteresting patterns that Surprisingness_I has failed to filter
out. In example 2, Surprisingness_I results show patterns AB,
AC, AD and AZ are all interesting. But in common sense
learning, usually the abstract notion will be used rather than
listing all its instances. In this example, the pattern “A lot of
people in Sweden are blonde” makes more sense than listing
all the cities in Sweden. Thus, ideally only AZ should be
identified as interesting. Now let’s see how Surprisingness_II
is calculated for example 2:
First of all, the evaluation of Surprisingness_II needs
superpatterns of AB, AC and AD. Since the system does not
understand the meaning of the predicate “is a part of”,
therefore even with the records “Stockholm / Gothenburg /
Malmö is a part of Sweden” in the database, Z will not be
recognized as a superset of B, C and D. Thus AZ will not be
recognized as a superpattern of AB, AC and AD automatically.

Let’s evaluate the Surp_I of how surprising it is that people in
Stockholm, Gothenburg and Malmöare blonde respectively:
Surp_I(AB)=(0.000079 – 0.1*0.00005) / 0.000005 = 1480%
Surp_I(AC)=(0.000046 – 0.1*0.00003) / 0.000003 = 1433%
Surp_I(AD)=(0.000028–0.1*0.000018) / 0.000003 = 1456%
Surp_I(AZ) = (0.00031 – 0.1*0.0002) / 0.00002 = 1450%

More general, because the system won’t understand predicates,
one pattern is impossible to be identified as the superpattern of
another pattern of the same length k (e.g., all AZ, AB, AC, AD
have a length of 2-gram size). But just as Fig.1 illustrated, a
(k+1) length pattern Sk+1 which is extended from a k size
pattern Sk can be considered as a superpattern of Sk. Therefore
in example 2, the 3-gram pattern M as illustrated in Fig.2 can
be mined from the given data, which is the common
superpattern of AB, AC and AD.

Fig.2. The superpattern M for AB, AC and AD in Example 2:
(var 1 is blonde) & (var 1 is in var 2) & (var 2 is a part of Sweden).

If the data is relatively precise, P(M) should be identical or
close to P(AZ) = 0.00031; and the frequency of the pattern W:
(var 1 is in var 2) & (var 2 is a part of Sweden) (which is the
common superpattern of B, C, D), P(W) should be identical or
close to P(Z) = 0.0002 (assuming there are only 3 cities in
Sweden in this toy example). Since the only superpattern
known in Example 2 is pattern M, Surprisingness_II can be
calculated as below:
Example 2-b: Evaluated by Surprisingness_II
Psup(M, AB) = P(M) * P(B) / P(W)
= 0.00031 * (0.00005 / 0.0002) = 0.0000725
Psup(M, AC) = P(M) * P(C) / P(W)
= 0.00031 * (0.00003 / 0.0002) = 0.0000465
Psup(M, AD) = P(M) * P(D) / P(W)
= 0.00031 * (0.00003 /0.000018) = 0.0000279
Surp_II(AB)=|P(AB) - Psup(M, AB)| / Psup(M,AB) = 5.33%
Surp_II(AC)=|P(AC) - Psup(M, AC)| / Psup(M,AC) = 1.7%
Surp_II(AD)=|P(AD) - Psup(M, AD)| / Psup(M,AD) = 0.36%

The Surprisingness_II of AB, AC and AD are all very low;
therefore they will not be considered interesting. Compared to
Surpringness_I, the spirit of Surprisingness_II is closer to the
meaning of “Surprisingness” in natural language. It measures
how different one pattern is from its abstractions (category).

experiment (such as years, geo coordinates), the dataset is
converted into hypergraphs. Fig.4 shows a small sample.

There is only one superpattern in this toy example, but in a
real-life database one pattern usually has multiple superpatterns
with different predicates. For example, B, C, D could still have
the common predicates in Y2,Y3 besides Y1:
Y1: (var2 is a part of Sweden)
Y2: (var2 is a coastal city)
Y3: (var2 is very cold)
The system won’t magically recognize that Y1 is the useful
category for the pattern “var1 in var2 are blonde”. Therefore all
Y1,Y2,Y3 will be used in calculating Surpringness_II of AB,
AC and AD. Eventually Y1 will attain the minimum
Surpringness_II value. Therefore Y1 will be selected as the
most important predicate among all the superpatterns on the
topic about “being blonde” automatically. If the evaluated
pattern is “var1 in var2 like ski”, then it is more likely that Y3
will attain the minimum Surpringness_II value instead of Y1,
thus Y3 will be selected automatically as the main predicate for
the topic of “like ski”. In this way, Surpringness_II achieves
unsupervised learning of abstractions, which otherwise requires
manual marking of the main category (taxonomy) labels for
each item / node only on one particular topic, such as [21, 22].
IV. EXPERIMENT AND RESULTS
An experiment is conducted to identify common sense
patterns, potentially interesting patterns and exceptions from
the hypergraph patterns mined from a subset of Wikipedia
extracted data – DBpedia3, using Surprisingness measure.
A. The experimental data

Fig. 4. A small part of the converted hypergraphs.

The experimental dataset contains around 50,000 records
in multiple randomly mixed domains like famous people,
cities, countries, parties, companies, movies, books and so on.
Each record is a triple of “Entity”, “Property name”, “Property
value” in the original DBpedia dataset (see the examples in
Table 2). This dataset is unstructured – entities can have
different properties; the same property of one entity can have
multiple records. The value of one property can be the entity
of another record, e.g., one “placeOfResidence” of “Albert
Einstein” is “Switzerland”; while “Switzerland” is also the
entity of the last 3 records in Table II.
TABLE II.

Entity
Aristotle
Aristotle
Aristotle
Albert Einstein
Albert Einstein
Albert Einstein
Albert Einstein
Switzerland
Switzerland
Switzerland

EXAMPLES OF DBPEDIA DATASET.

Property Name
influences
influences
mainInterests
placeOfResidence
placeOfResidence
KnownFor
KnownFor
Currency
Capital
LargestCity

Property Value
Socrates
Plato
Politics
Germany
Switzerland
General relativity
Special relativity
Swiss franc (CHF)
Bern
Zürich

B. Pattern Categories
In total, 63742 1-gram patterns, 397463 2-gram patterns,
and 5741288 3-gram hypergraph patterns are mined from this
dataset (1-gram is one predicate, an n-gram pattern contains n
predicates). The mining algorithm doesn’t affect the
interestingness evaluation afterwards; below we focus on
identifying interesting patterns from the mined patterns.
TABLE III.

Fig. 3. An example of the “infobox” from a Wikipedia page.

The experimental data used in this experiment is a subset
of one of the DBpedia datasets (2014 English version) –
“mappingbased_properties_en.nt”, which is extracted from the
infobox of each Wikipedia page (see Fig.3). After removing
the numeric fields which will not be handled in this
3
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Pattern
Category
Potentially
Interesting
Patterns
Universal
Patterns
Well-known
Patterns
Exceptions /
Mistakes

PATTERN CATEGORIES FOR THE PATTERN MINING RESULT
Occurrence
(2, 429)

Surp_I
(0.001593, 4072)

Surp_II
(0, 1)

Not Low
(10, 25)

High
(40, 500)

Not Low
(0.5, 1) or Null

High
(15, ∞)
High
(15, ∞)
Low
(2, 4)

Low
(0, 2)
Not Low
(9,150)
Extremely High
(800, ∞)

High
(0.9, 1) or Null
Not Low
(0.5, 1) or Null
Not Low
(0.5, 1) or Null

Because frequency value is too small for demonstration,
Occurrence is used here instead. Occurrence, Surp_I and
Surp_II are calculated for each pattern. There are some
patterns with Surp_II = Null because they have no Type 2
superpatterns (see III.B), which actually indicates a high
Surp_II because there are no patterns more abstract than them
in this database. Table III gives one way of categorizing the
results based on Occurrence and Surprisingness. One can also
run any classifier to make another classification, which is not
essential here. Below we explain each category in detail:
1) Universal Patterns are usually logical rules which
are likely to be true in any world, e.g. if A influenced B, then B
was influenced by A. Intuitively, such patterns can be logically
inferred from subpatterns, so their Surprisingness_I is
relatively low; as very common rules, their occurrence is high;
these rules are also usually highly abstract, so their
Surprising_II is also quite high.

Interpretation: “A lot of people
were born in Russian Empire, died
in Soviet Union?”

Interpretation: “There are only 2
people who died in India, that
were buried in Lisbon.”

(EvaluationLink
(Predicate “birthplace”)
(( “$var_1”)( “Russian_Empire”))
)
(EvaluationLink
(Predicate “deathPlace”)
(( “$var_1”)( “Soviet_Union”))
)
Note: this pattern has a
superpattern that “most of people
were born and died in the same
place”.

(EvaluationLink
(Predicate "buriedPlace")
(("$var_1") ("Lisbon"))
)
(EvaluationLink
(Predicate "deathPlace")
(("$var_1") ("Portuguese_India"))
)
Note: this pattern has a
superpattern that “most of people
were buried in the same place they
died”.

C. Pattern Distribution Statistics

2) Well-known Patterns are common sense, but cannot
be logically inferred, e.g. People in the United States usually
speak English. “Well-known” suggests a high occurrence; not
being able to be inferred logically suggests higher
Surprisingness_I than Universal Patterns; summarized
knowledge is easier to be remembered (see Example 2), so that
Well-known Patterns should not have a low Surpringness II.
Common sense knowledge is composed of Universal Patterns
and Well-known Patterns.
3) Potentially Interesting Patterns are those patterns
with high Surprisingness_I, and just high enough occurrence to
catch attention (but not as high as Well-known patterns, nor as
low as Exceptions). They are potentially interesting because
they are not very well-known yet. The reason that they should
not have a low Surprisingness_II is the same with Well-known
Patterns described above.
4) Exceptions / Mistakes tend to be quite rare in a
normal database. They have very low occurrence and super
high Surprisingness_I. For an Exception / Mistake, readers are
usually more interested in its instances rather than the pattern
itself, e.g. a result pattern in this experiment “There are only 3
games that are published on Dreamcast as well as Playstation
2”, will make the reader curious about which games these are.
Due to the page limit, only one top sample pattern per
category from the results is given in Table IV.
TABLE IV.

RESULT PATTERN SAMPLES

Pattern 1: Universal Pattern
Occurrence = 427, Surp_I = 0.46189,
Surp_II = Null
Interpretation: “A influenced B, so
that B is influenced by A."
(EvaluationLink
(Predicate “influenced”)
(($var_1”) ($var_2”))
)
(EvaluationLink )
(Predicate “influencedBy”)
(($var_2”) ($var_1”))
)
Pattern 3: Potentially Interesting
pattern
Occurrence = 17, Surp_I = 143.27
Surp_II = 0.529412

Pattern 2: Well-known Pattern
Occurrence = 20, Surp_I = 60.9073,
Surp_II = 0.6
Interpretation: “A lot of pop music
is rock music”.
(EvaluationLink
(Predicate "genre")
(("$var_1") ("Pop_music"))
)
(EvaluationLink
(Predicate "genre")
(("$var_1") ("Rock _music"))
)
Pattern 4: Exception or Mistake
Occurrence = 2, Surp_I = 4072.5,
Surp_II = 0.5

Fig. 5 Pattern distribution over occurrence, Surprisingness_I.

Fig.5 illustrates the distribution of our result patterns of
different categories, over occurrence and Surprisingness_I in
this experiment. Surprisingness_II works as filter to filter out
the patterns with low Surprisingness_II. Note that every dot in
Fig.5 repents a group of patterns with the same
Surprisingness_I and occurrence value.
V. COMPARISON
A. Comparison with Interaction Information - 1
Interaction Information (see II.B) is chosen to compare
with for three reasons: (1) Surpringness_I is similar to a
normalized generalization of productive criterion. They have
already been compared in III.A. (2) Surpringness_II is able to
identify interesting or uninteresting patterns based on the Type
2 superpatterns which cannot be identified by other existing
measures (as described in Example 2). (3) Interaction
Information is the most well-known multivariate information
measure, which has not been but can be applied in identifying
interesting patterns in pattern mining. Thus the combination of
Occurrence and Interaction Information has been applied on
the same data in IV.A.
As explainedin III.A, because unnormalized measure is
useless for this experiment’s data, we also applied
normalization to Interaction Information (discarded all the
patterns with a zero divisor). Taking 2-gram patterns as an
example, the range of the normalized Interaction Information
values is between 1.0 and 1.8888. The distribution of
normalized Interaction Information and Occurrence is not able

to categorize patterns clearly as well as Surpringness and
Occurrence, because of the below 3 problems:
1) Not able to distinguish Universal Patterns and
Potentially Interesting Patterns of similar Occurrence. As
shown in Table III, Universal patterns usually have very low
Surpringness_I, while Potentially Interesting Patterns have
very high Surpringness_I; So even when two patterns have
similar Occurrence, their categories can still be identified by
their different Surpringness_I values. But mostly their
Interaction Information values are too similar to be
distinguished (see the examples in Table V).
TABLE V.
EXAMPLES OF UNIVERSAL PATTERN AND POTENTIALLY
INTERESTING PATTERN WITH SIMILAR OCCURRENCE VALUES
Pattern 6-a: Universal Pattern
Occurrence = 15
Surp_I = 0.038
Interaction Information = 1.238
Interpretation: “If a city is the
capital of a country, then this
country is the country of this
city.”
(EvaluationLink
(Predicate "capital")
(("$var_1") ("$var_2"))
)
(EvaluationLink
(Predicate "country")
(("$var_2") ("$var_1"))
)

Pattern 6-b: Potentially Interesting
pattern
Occurrence = 16
Surp_I = 79.069
Interaction Information = 1.222
Interpretation: “A lot of software
under GNU license is written in C”.
(EvaluationLink
(Predicate "license")
(("$var_1")("GNU _License"))
)
(EvaluationLink
(Predicate "programmingLanguage")
(("$var_1")("C_programming_language
"))
)

B. Comparison with Interaction Information - 2
Because examining all results of all patterns found in such
a large database in above experiment is not possible given the
page limit, comparison above can only give an intuitive
impression of the advantages of Surpringness over Interaction
Information. In this section a small theoretical experiment will
be conducted to calculate and compare Surprisingness_I and
Interaction Information, because both Surprisingness_I and
Interaction Information evaluate the relations between a pattern
and its subpatterns / components.
Consider the following corpus:
There are 10000 humans in the corpus, 5000 are female,
5000 are male, 10 are nurses, 9 are female nurses, 1 is a male
nurse, 8 are singers, 4 are male singers, 4 are female singers.
A: X is human B: X is female C: X is a nurse
D: X is a male E: X is a singer
P(A) = 1 , P(B) = 0.5, P(D) = 0.5, P(C) = 0.001,
P(E) = 0.0008, P(AB) = 0.5, P(BC) = 0.0009,
P(AC) = 0.001, P(AD) = 0.5, P(CD) = 0.0001,
P(AE) = 0.0008,P(BE) = 0.0004, P(DE) = 0.0004

2) Not able to identify Exceptions. As described in
section IV.B, Exceptions usually have very low Occurrence
and extremely high Surpringness_I. But most of them have
very low Interaction Information, just like the huge amount of
useless patterns. Therefore, Surpringness is capable of
identifying Exceptions from huge amount of useless patterns,
but Interaction Information is not capable (see the examples in
Table VI).
TABLE VI.

whole range of Interaction Information range in this
experiment (1.0 ~ 1.888), which is too wide compared to the
11% of Surp_I. Therefore Potentially Interesting Patterns are
mixed up with a large amount of other patterns according to
Interaction Information, and harder to be identified.

COMPARISON OF AN EXCEPTION PATTERN AND AN USELESS
PATTERN

Pattern 7-a: Exception pattern
Occurrence = 3
Surp_I = 1162.86
Interaction Information = 1
Interpretation: There are 3 games
published on Dreamcast as well as
PlayStation 2.

Pattern 7-b: useless pattern
Occurrence = 2
Surp_I = 71.0973
InteractionInformation = 1
Interpretation: There are 2
headmasters in the corpus are from
UK.

(EvaluationLink
(Predicate "computingPlatform")
(("$var_1")("Dreamcast") )
)
(EvaluationLink
(Predicate "computingPlatform")
(("$var_1") ("PlayStation_2"))
)

(EvaluationLink
(Predicate “country”)
(( “$var_1”) (“United_Kingdom”) )
)
(EvaluationLink
(Predicate “occupation”)
(( “$var_1”) ( “headmaster”))
)

3) The Interaction Information range of Potentially
Interesting Patterns (1.05 ~ 1.38) composes 37.2% of the

Surprisingness_I is calculated for pattern BC, DC, DE and
BE as below:
Surp_I(BC) = Surp_I(BC) / P(B) * P(C)
= 0.0004/0.0005 = 0.8 = 80%
Surp_I(DC) = |P(DC) – P(D) * P(C)| / P(D) * P(C)
= 0.0004/0.0005 = 0.8 = 80%
Surp_I(DE) = |P(DE) – P(D) * P(E)| / P(D) * P(E)
= 0/0.0004 = 0
Surp_I(BE) = |P(BE) – P(B) * P(E)| / P(B) * P(E)
= 0/0.0004 = 0
This evaluation suggests that the probability of women
being nurses is 80% higher than expectation, while the
probability of men being nurse is 80% lower than expectation.
It is very reasonable that the pattern “Most nurses are female”
and the pattern “Very few males are nurses” have the same
surprisingness value. They are both meaningful patterns in
common sense learning. The patterns “Half of the singers are
male” and “Half of the singers are female” are not surprising at
all because their actual probabilities are the same as
expectation. Hence the result is very reasonable, and is in
accordance with common sense.
Interaction_Information is calculated for pattern BC, DC,
DE and BE as below:
Interaction_Information(BC) = H (B) + H (C) - H(BC)
= log2(5000) + log2(10) - log2(9) = 12.4397
Interaction_Information(BC) = H (B) + H (C) - H(BC)
= log2(5000) + log2(10) - log2(1) = 15.6096

Interaction_Information(DE) = H (D) + H (E) - H(DE)
= log2(5000) + log2(8) - log2(4) = 13.2877
Interaction_Information(BE) = H (D) + H (E) - H(DE)
= log2(5000) + log2(8) - log2(4) = 13.2877

[3]

[4]

The Interaction Information values of all 4 patterns above
are unreasonably close to each other. The patterns “Half of the
singers are male” and “Half of the singers are female” even
have higher interestingness than the pattern “Most of nurses are
female”. The results show that Interaction Information is
clearly less applicable in common sense learning than
Surprisingness_I.

VI. CONCLUSIONS
In this paper, we proposed a novel multivariate objective
interestingness measure - Surprisingness, to identify interesting
patterns in pattern mining, which is more applicable to
incomplete, imperfect and unstructured data (especially
hypergraphs) than existing pattern interestingness measures. It
has been applied in unsupervised learning of common sense,
interesting patterns and excerpts from a Wikipedia extracted
dataset. The main contributions of Surpringness can be
summarized as below:
1) Surpringness_I evaluates how difficult a pattern’s
frequency can be derived from its subpatterns / components,
which is a normalized generalization of productive criterion
[16], so as to be applicable on incomplete, unstructured or
semi-structured and imperfect data.
2) Surpringness_II evaluates how difficultly a pattern’s
frequency can be derived from its superpatterns. The Type-2
superpatterns (see III.B) used in this research can be
considered as the abstracted patterns of the evaluated pattern.
Therefore Surpringness_II actually evaluates how different a
pattern is from all its possible “categories”, and then the exact
superpattern which attains the minimum difference may be
considered as the main “category” of this pattern. In this way,
Surpringness_II achieves completely unsupervised learning of
abstractions, yet without manual marking of the category
(taxonomy) labels for each item / node as in other existing
abstraction learning researches [21, 22].
3) The experiment results prove that Surpringness is
applicable on data composed of randomly mixed domains and
therefore is superior to other existing measures in common
sense learning.
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