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Abstract. The gang-of-four (GoF) patterns provide best practices and reusable solutions to recurrent problems in object-oriented software design. We propose an automatic
approach for ranking and recommending GoF patterns. Design-pattern vectors, representing the GoF patterns in terms of the problem types they address, are constructed
based on the design pattern intent ontology (DPIO) developed by Kampﬀmeyer. An input design problem is represented as an input-problem vector, constructed by matching
terms extracted from its description with constraints and concepts characterizing problem types in the DPIO. Patterns are ranked and recommended based on similarity scores
computed between the design-pattern vectors and the input-problem vector. The proposed
method was evaluated on a collection of 36 design problems. With appropriate parameter
setting, the actual answers to 69.44% and 83.33% of the problems were recommended
within the top-3 and top-5 ranks, respectively. With additional term correspondences for
improvement of term matching, the results were increased to 75.00% and 88.89% for
the top-3 and top-5 ranks, respectively. Compared to text-based pattern ranking using a
vector space model, our proposed method yielded signiﬁcantly better performance when
they were evaluated on the same problem collection.
Keywords: Design pattern, Design pattern recommendation, Cosine similarity, Design
pattern intent ontology, Object-oriented software design

1. Introduction. Object-oriented design patterns provide proven and reusable solutions
to commonly recurring problems in object-oriented software design [1, 2, 3]. The gangof-four (GoF) patterns, which were documented in the highly inﬂuential book Design
Patterns: Elements of Reusable Object-Oriented Software [1] (also known as the GoF
book), have been the most widely used object-oriented design patterns. Selecting a GoF
pattern that is suitable for a particular design problem is often diﬃcult especially for a
novice software developer. The selection requires extensive knowledge about the intent
and usage of many patterns, which were described as lengthy narrative text in the GoF
book.
A formal ontology, called the design pattern intent ontology (DPIO), was developed by
Kampﬀmeyer in [4] as knowledge-based representation of the GoF patterns, with emphasis being placed on the patterns’ intent. The DPIO formalizes design problems in terms
of constraints (actions representing intentions, e.g., ‘control’ and ‘decouple’) and concepts
(entities, e.g., ‘state’ and ‘algorithm’), and associates with each GoF pattern the problem
types solved by it. To retrieve patterns from the DPIO for solving a particular design
problem, a query is constructed in the form of a conjunction of constraint-concept pairs
selected by a user. Selecting appropriate constraints and concepts is however a demanding
DOI: 10.24507/ijicic.16.04.1147
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task. The DPIO contains many constraints and concepts (36 constraints and 43 concepts),
and the user might not comprehend the meanings of them thoroughly. Selecting too few
constraint-concept pairs may result in retrieval of too many design patterns, i.e., the
selected pairs may characterize many problems types, possibly involving many design
patterns. For example, suppose that the constraint-concept pair ⟨decouple, behavior⟩ is
selected solely. This pair characterizes problem types such as ‘adaption’, ‘algorithm decoupling’, ‘complexity hiding’, ‘interface decoupling’, ‘operation decoupling’, and several
other types, each of which is individually addressed by one or more design patterns. On
the other hand, when many constraint-concept pairs are selected, no pattern may be retrieved since a problem type characterized by the conjunction of all the selected pairs may
not exist.
We propose a method for automatically ranking and recommending design patterns
based on the formalization of the patterns’ intent provided by the DPIO. The GoF patterns are represented as design-pattern vectors specifying the problem types addressed by
them. A given design problem is represented as an input-problem vector, which is constructed by matching intentions and related entities extracted from its description with
constraints and concepts characterizing problem types. Based on similarity scores computed between the design-pattern vectors and the input-problem vector, design patterns
are ranked and recommended.
The proposed method was evaluated on a collection of 36 input problems. Its performance was also compared with the text-based pattern ranking approach employed by
[5, 6], which was taken as our baseline method. The experimental results are promising. The proposed method could provide short lists of recommended patterns (e.g., the
patterns recommended in the top-3 or top-5 ranks) with high accuracy, and performed
substantially better than the baseline method. Giving a short list of design patterns is
very useful in practice since it could signiﬁcantly narrow down the scope of patterns to
be considered. For example, from a total of 18 structural/behavioral GoF patterns, 13
(more than two-thirds) of them can be excluded if a list of top-5 recommended patterns
is given.
The paper is organized as follows. Section 2 reviews related works on design pattern
recommendation. Section 3 describes the proposed framework. Section 4 elaborates the
construction of an input-problem vector. Section 5 presents experimental results. Section
6 provides conclusions.
2. Related Works.
2.1. Text-based pattern ranking using a vector space model. A vector space model (VSM) is an algebraic model widely used in the context of information retrieval for representing a set of text documents [7]. Text-based pattern recommendation using a VSM
was proposed by Hasheminejad and Jalili [5] and by Hussain et al. [6]. Design-pattern
documents, containing textual descriptions of design patterns, and an input-problem document, describing an input design problem, were represented as vectors indicating weights
of relevant words occurring in the documents. For vector construction, text preprocessing
(e.g., stopword removal and word stemming) was performed on the documents. Document
frequency (DF), information gain (IG), mutual information, chi-square, and correlation
coeﬃcient were used for selecting relevant words in both [5] and [6], while gain ratio and
ensemble-IG were additionally used in [6]. Six term weighting methods, i.e., binary, term
frequency (TF), term frequency – inverse document frequency (TFIDF), term frequency
collection (TFC), length term collection (LTC), and entropy, were applied in [5] and [6].
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Cosine similarity scores were computed between the vectors representing the designpattern documents and the vector representing the input-problem document. Design
patterns were ranked based on the computed scores. To determine an appropriate pattern
group within which patterns should be ranked, supervised classiﬁcation methods were used
in [5], while unsupervised classiﬁcation via Fuzzy c-means was applied in [6].
For the GoF patterns, experimental evaluation was conducted in [5] and [6] on 19
input problems and 30 input problems, respectively. Based on their experiments, the
feature selection and term weighting methods recommended by [5] were DF and TF, while
those recommended by [6] were ensemble-IG and TFIDF. Apart from the GoF patterns,
experiments were also performed on patterns for real-time system development (Douglass
patterns [8]) and those for security-relevant system development (security patterns [9]).
The text-based pattern ranking scheme used in [5] and [6] is taken as a baseline method
for comparative evaluation of our proposed method in Section 5.4. There are two reasons for making this choice. First, both the text-based pattern ranking scheme and our
method represent an input design problem and a design pattern as feature vectors and
compute similarity between them. Secondly, the text-based scheme and our method take
input of the same form, i.e., textual descriptions of design problems. Compared to rulebased/question-based approaches, which are reviewed in Section 2.2, the text-based pattern ranking scheme is more automatic, i.e., no interaction with a human user is required
during a pattern recommendation process.
2.2. Rule-based/question-based approaches. An interactive tool for pattern recommendation was presented in [10]. A domain-speciﬁc class diagram was taken as input.
Using WordNet [11], the class names and attribute names in the input class diagram
were compared with the names of patterns’ participants speciﬁed in the GoF book [1]
in order to determine their semantic correspondences (e.g., synonyms and hyponyms).
Hand-crafted recommendation rules were used to ﬁnd and instantiate an appropriate design pattern according to the obtained correspondences. The rules interacted with a user
to acquire design intentions by asking the user to select them from a set of predeﬁned
basic design tasks. No empirical evaluation was reported.
A goal-question-metric (GQM) approach was applied for pattern recommendation in
[12]. Descriptions of patterns in the ‘intent’ and ‘applicability’ sections of the GoF book [1]
were transformed into textual conditions, which were then reformulated as questions. To
characterize a design problem, a user answered these questions in the forms of ‘yes’, ‘no’,
and ‘do not know’, with weights indicating the user’s conﬁdence. From the answers, a total
weighted score was computed for each design pattern, and the pattern with the highest
score was recommended. This GQM-based method was evaluated by eight subjects using
one simple case study. Four subjects could identify the correct pattern.
In [13], problem characteristics of 10 frequently used GoF patterns described in [1, 14]
were analyzed, and textual questions were manually extracted for recognizing patterns and
their applicability. The extracted questions were divided into two levels, i.e., questions for
identifying a group of patterns and those for recognizing a pattern. The questions were
implemented as rules in a prototype expert system. The prototype system was evaluated
by assigning a task of designing a small mobile application to four subjects (undergraduate
students), and it was reported that the subjects were positive about the usefulness of the
system.
2.3. Fundamental diﬀerences compared to our approach. As reviewed in Section 2.1, word vectors were used in [5] and [6] to represent design patterns and design
problems. Occurrences of words, however, are low-level features that may not clearly
express the true characteristics of a design pattern and a design task. In contrast to
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the use of word vectors, our approach uses high-level conceptual features, i.e., problem
types solved by design patterns, for constructing vectors representing design patterns and
design problems.
The works reviewed in Section 2.2, i.e., [10, 12, 13], derived basic design tasks or sets of
questions from the intentions, usages, and applicability of design patterns. They extracted
design intentions from a user by asking him/her to select some basic design tasks or answer
questions, and recommended design patterns based on the user’s replies. Our work, by
contrast, acquires user intentions by automatically extracting intention-entity pairs from
an input textual problem description without any user interaction.
3. Methodology. The proposed framework is outlined in Figure 1. It consists of two
main phases: preparation and pattern recommendation. In the ﬁrst phase, design-pattern
vectors (D-vectors), representing types of problems solved by design patterns, are constructed. In the second phase, an input design problem is represented using an inputproblem vector (I-vector). Design patterns are ranked and recommended based on similarity scores computed between the D-vectors and the I-vector.

Figure 1. An overview of the proposed approach
Section 3.1 describes design-pattern representation using D-vectors in the preparation
phase. Section 3.2 presents the pattern recommendation phase by giving an overview
of input-problem representation using an I-vector (Section 3.2.1) and describing cosine
similarity computation (Section 3.2.2). Section 4 describes in detail how to construct an
I-vector representing an input design problem.
3.1. Design-pattern representation. A design pattern provides a solution to design
problems of some speciﬁc types. The 36 types of design problems given in Table 1 are
addressed by the GoF patterns in the structural group and the behavioral group. Table 2
shows the problem types that are solved by each design pattern in the two groups according
to the design pattern intent ontology (DPIO) [4].
Based on Table 2, the types of design problems solved by a design pattern p are represented as a vector ⃗v = [v1 , v2 , v3 , . . . , v36 ], called the design-pattern vector (D-vector ) for
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Table 1. Types of design problems
Type
Name
T1
Abstraction implementation
decoupling
T2
Access control
T3
Adaption
T4
Aggregate traversal
T5
Algorithm decoupling
T6
Algorithm dependency
T7
Algorithm selection
T8
Algorithm variation
T9
Behavioral problem
T10
T11
T12
T13
T14
T15
T16
T17
T18
T19
T20
T21
T22
T23
T24
T25
T26
T27
T28
T29
T30
T31
T32
T33

Complexity hiding
Compound problem
Control undo
Dynamic functionality control
Event dependency
Event notiﬁcation
Interaction control
Interface decoupling
Inversion of control
Operation decoupling
Operation variation
Placeholder decoupling
Protocol variation
Request decoupling
Sender/receiver decoupling
State accumulation
State change notiﬁcation
State control
State dependency
State duplication
State memorization
State objectiﬁcation
State sharing
Structural problem

T34
T35
T36

Time control
Time decoupling
Virtual machine

Explanation
decouples the abstraction from its implementation
controls access
adapts to an incompatible interface
traverses aggregates
decouples algorithms
is dependent on some algorithm
controls algorithm selection
varies an algorithm
is concerned with algorithms and the assignment of
responsibilities between objects
hides the complexity of implementation
is concerned with compound object structures (trees)
controls undo of operations
controls dynamic functionality or behavior
is dependent on some event
is concerned with event handling
controls interaction
decouples an interface
inverts control
decouples an operation
varies an operation
provides placeholder functionality
varies a protocol
decouples a request
decouples the sender from a receiver
accumulates a state from an object structure
notiﬁes the change of a state
controls a state
is dependent on a state
duplicates a state
memorizes a state
objectiﬁes a state
shares a state
is concerned with how classes and objects are composed to form larger structures
controls time
decouples time
simulates processors

p, where for each i ∈ {1, 2, . . . , 36},
{
1 if the pattern p is a solution to the problem type Ti ,
vi =
0 otherwise.
For example, from Table 2, since the Bridge pattern is a solution to the problem types T1 ,
T17 , and T33 , the elements of the D-vector for this pattern are determined by: v1 = v17 =
v33 = 1 and for each j ∈ {1, 2, . . . , 36} − {1, 17, 33}, vj = 0. Similarly, since the Observer
pattern is a solution to the problem types T9 , T14 , T15 , T26 , and T28 , only the elements
v9 , v14 , v15 , v26 , and v28 in the D-vector for the Observer pattern are 1, whereas the other
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Table 2. Problem types solved by the structural patterns and the behavioral patterns
Pattern
Problem types
Pattern
Problem types
Adapter
T3 , T33
Iterator
T2 , T4 , T9
Bridge
T1 , T17 , T33
Mediator
T9 , T10 , T16 , T19
Command T9 , T12 , T23 , T34 , T35 Memento T9 , T28 , T29 , T30 , T31 , T35
Observer
T9 , T14 , T15 , T26 , T28
Composite
T11 , T33
CoR
T9 , T22 , T24
Proxy
T2 , T21 , T33
Decorator
T13 , T33
State
T9 , T27 , T28 , T31
Strategy
T 5 , T 7 , T8 , T 9
Facade
T3 , T10 , T33
Flyweight
T32 , T33
TM
T8 , T9 , T16 , T18
Interpreter
T9 , T36
Visitor
T6 , T9 , T19 , T20 , T25
CoR = Chain of responsibility, TM = Template method

elements are 0. The D-vector for each design pattern is constructed in the preparation
phase.
3.2. Pattern recommendation. From the textual description of an input design problem, an input-problem vector (I-vector) is created. A cosine similarity score is computed
between the D-vector for each pattern and the I-vector. Design patterns are then ranked
based on the computed similarity scores.
3.2.1. Input-problem representation. An input design problem is represented as an inputproblem vector (I-vector ), which takes the form ⃗u = [u1 , u2 , u3 , . . . , u36 ], where for each
i ∈ {1, 2, . . . , 36}, ui is the score obtained by matching the description of the input problem
with the problem type Ti . To construct the I-vector, characteristics of the input problem
in terms of intention-entity pairs are extracted from its description. The extracted pairs
are then matched with pairs of constraints and concepts characterizing each problem type
based on the DPIO [4], using WordNet [11] as a lexical database for term matching. The
construction of an I-vector is detailed in Section 4.
3.2.2. Cosine similarity computation. In order to compute cosine similarity with unbiased
values, the D-vector for each design pattern as well as the I-vector representing an input
problem is normalized. Given a vector ⃗x = [x1 , x2 , . . . , x36 ], the normalized
of) ⃗x
/(version
∑36
is a vector ⃗y = [y1 , y2 , . . . , y36 ] such that for each i ∈ {1, 2, . . . , 36}, yi = xi
j=1 xj .
Let ⃗v = [v1 , v2 , . . . , v36 ] be the normalized D-vector for a design pattern p and ⃗u =
[u1 , u2 , . . . , u36 ] be the normalized I-vector representing an input problem. Based on cosine
similarity between ⃗v and ⃗u, the similarity between the pattern p and the input problem
is determined by
∑36
i=1 (vi × ui )
√∑
√∑
·
(1)
36
36
2
2
i=1 (vi ) ×
i=1 (ui )
Design patterns are ranked and recommended based on the computed cosine similarity.
4. I-Vector Construction. The construction of an I-vector is outlined in Figure 2. It
consists of two processes, i.e., extraction of intention-entity pairs from the description of
an input problem and matching the input problem with problem types. Each process is
elaborated below.
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Figure 2. An I-vector construction process
4.1. Extraction of intention-entity pairs. A problem type is described in the DPIO
[4] in terms of constraint-concept pairs. Table 3 shows the constraint-concept pairs describing the problem types solved by the Strategy pattern, i.e., T5 , T7 , T8 , and T9 (cf.
Tables 1 and 2). A constraint is an action verb, e.g., ‘control’, whereas a concept is a
noun, e.g., ‘algorithm’. They together represent a pair of an intention and an entity.
Table 3. Constraint-concept pairs describing the problem types T5 , T7 ,
T8 , and T9
Type
Constraint-concept pair(s)
T5
⟨decouple, behavior⟩
T7
⟨control, algorithm⟩, ⟨control, behavior⟩, ⟨select, algorithm⟩
T8
⟨vary, algorithm⟩, ⟨vary, behavior⟩
T9
⟨distribute, behavior⟩
To extract intention-entity pairs from a textual input description, the Stanford dependency parser [15] is used. The parser generates typed dependencies (TDs) for each
sentence. A TD represents a grammatical relation between a pair of words occurring in
a sentence. Figure 3 illustrates TDs generated by the parser from two input sentences.
The link from ‘buy’ (the 6th word) to ‘products’ (the 7th word) in the ﬁrst sentence, for
example, represents a TD indicating that ‘products’ acts as the direct object of ‘buy’,
and is denoted by dobj (buy/VB, products/NNS). Similarly, the link from ‘discounted’
to ‘price’ in the second sentence indicates that ‘price’ acts as the subject of the verb ‘discounted’ in the form of a passive sentence, and is denoted by nsubjpass (discounted/VBN,
price/NN).
Among 50 types of grammatical relations given by the parser, four types that provide
intentions and entities associated with an input problem are considered, i.e., direct object
(dobj ), passive nominal subject (nsubjpass), verbal modiﬁer (vmod ), and relative clause
modiﬁer (rcmod ). Word stemming is applied to words in the generated TDs of these
four relation types to obtain their base forms, and pairs of intentions and entities are
extracted. Table 4 shows the intention-entity pairs obtained from the TDs in Figure 3.
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Figure 3. Examples of TDs generated from input sentences
Table 4. Examples of intention-entity pairs
TD
Extracted pair
nsubjpass (allowed/VBN, customer/NN) ⟨allow, customer⟩
dobj (buy/VB, products/NNS)
⟨buy, product⟩
nsubjpass (discounted/VBN, price/NN) ⟨discount, price⟩
rcmod (items/NNS, purchased/VBD)
⟨purchase, item⟩
vmod (amount/NN, paid/VBN)
⟨pay, amount⟩
4.2. Matching with problem types. The intention-entity pairs extracted from an
input-problem description are matched with constraint-concept pairs describing each
problem type. Synonyms, hypernyms (general terms), and hyponyms (speciﬁc terms)
provided by the lexical database WordNet [11] are used in order to increase matching
possibilities. A penalty value is deducted from a matching score when a hypernym or a
hyponym is used. Let PS be a given penalty score, where 0 ≤ PS < 1. Given two words
w and w′ , the matching score between w and w′ , denoted by Mw (w, w′ ), is deﬁned as
follows:

if w and w′ are the same word or w is a synonym of w′ ,
 1
′
1 − PS if w is a hypernym or a hyponym of w′ ,
Mw (w, w ) =

0
otherwise.
Since an intention-entity pair as a whole is more informative than an intention or an
entity alone, an extra value is added when the intention and entity in the pair are both
matched. More precisely, given an intention-entity pair α = ⟨w1 , w2 ⟩ and a constraintconcept pair β = ⟨w1′ , w2′ ⟩, the score obtained by matching α and β, denoted by Mp (α, β),
is determined as follows:
{
if Mw (w1 , w1′ ) or Mw (w2 , w2′ ) is 0,
Mw (w1 , w1′ ) + Mw (w2 , w2′ )
Mp (α, β) =
Mw (w1 , w1′ ) + Mw (w2 , w2′ ) + 1 otherwise.
For example, assuming that a penalty score of 0.5 is used, the matching score between the intention-entity pair α = ⟨check, state⟩ and the constraint-concept pair β =
⟨control, state⟩ is computed as follows: (i) since ‘check’ is a hypernym of ‘control’,
Mw (check, control) = 1 − 0.5, (ii) Mw (state, state) = 1, and (iii) since the intention
(‘check’) and the entity (‘state’) are both matched, an extra value of 1 is added. As a
result, Mp (α, β) = (1 − 0.5) + 1 + 1.
The I-vector ⃗u = [u1 , u2 , . . . , u36 ] representing an input problem is then constructed
as follows: Assume that m intention-entity pairs α1 , α2 , . . . , αm are extracted from the
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description of the input problem. For each i ∈ {1, 2, . . . , 36}, if the problem type Ti is
described by n constraint-concept pairs β1 , β2 , . . . , βn , then the element ui in the I-vector
⃗u is calculated by
n ∑
m
∑
ui =
Mp (αk , βj ).
(2)
j=1 k=1

5. Experiments and Results.
5.1. Data collection. The GoF patterns are divided in [1] into three groups, i.e., creational patterns (5 patterns), structural patterns (7 patterns), and behavioral patterns
(11 patterns). We restrict our attention to the structural patterns and the behavioral
patterns. Most creational patterns are used and called by the structural or behavioral
patterns [16]. The proposed method was evaluated on a collection of 36 design problems
obtained from six object-oriented design pattern books [1, 2, 3, 17, 18, 19] and some other
resources on Internet [20, 21, 22]. The GoF pattern that should be applied to a problem
in the collection is called the actual answer to the problem. The actual answer is known
from the book or resource from which the problem was taken. Figure 4 shows an example
of a collected problem, the actual answer to which is the Flyweight pattern.
Consider now the image aspect of the Photo Library application. At any one time, we want to
have a full page of images displayed and, with no discernable time lag, we want to be able to
scroll up and down through the library. This implies that as many images as possible should
be preloaded into memory and kept there while the photo application is running. For a Photo
Group application, the primary function is to arrange photos in groups. Photos can belong
to several diﬀerent groups, so the number of images to display could increase enormously.
If all of the images do not ﬁt in memory, the fact that they can belong to diﬀerent groups
means that any given photo may be called up for display at irregular times, resulting in a
lot of disk transfers. With a smaller window, the ﬁrst two groups could have scrolled oﬀ the
window by the time the third group appears, requiring at least three of the images to be
refetched and displayed. An object’s unshared state is the set of groups to which it belongs.
Its extrinsic state is the actual image, which is large. It may occupy about 2 MB. However,
there are methods in the ‘System.Drawing’ namespace to convert an image to a thumbnail of
about 8 KB. This will be the intrinsic state of an object, which is small enough to allow all
the unique images to remain in memory at any one time. Through the group information,
the application can display the images in various combinations. Using disk fetches, it can
also show the complete original-sized images.

Figure 4. A design problem taken from [2]
The 36-problem collection contains two problems for each pattern in the structural
group and also two problems for each pattern in the behavioral group. More precisely,
for each design pattern p in the structural group (respectively, the behavioral group), the
collection contains two problems the actual answers to which are p. According to the
groups of actual answers, the collection was divided into two datasets, DS and DB , as
follows.
• DS contains 14 problems (referred to as Q1 -Q14 ) the actual answers to which all
belong to the structural group.
• DB contains 22 problems (referred to as Q15 -Q36 ) the actual answers to which all
belong to the behavioral group.
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The descriptions of the 36 design problems Q1 -Q36 and intermediate artifacts generated
from them (e.g., generated TDs of the required grammatical relation types and extracted intention-entity pairs) are available at our project website [23], along with examples
detailing how input problems are matched with problem types.
5.2. Results. Table 5 gives overall experimental results when our proposed method was
applied using the following experimental setting.
• Diﬀerent penalty scores taken from the set {0.0, 0.1, 0.2, . . . , 0.9} were used for Ivector construction.
• Patterns recommended for a problem in each dataset were ranked within its respective group, i.e., patterns recommended for a problem in DS were ranked within the
structural group, while those recommended for a problem in DB were ranked within
the behavioral group.
Table 5. Overall experimental results
Penalty
Percentage of correct answers
score (PS) Top-1 rank Top-2 ranks Top-3 ranks Top-4 ranks Top-5 ranks Top-6 ranks Top-7 ranks
33.33%
63.89%
72.22%
75.00%
77.78%
77.78%
86.11%
0.0
(12/36)
(23/36)
(26/36)
(27/36)
(28/36)
(28/36)
(31/36)
36.11%
61.11%
66.67%
72.22%
75.00%
75.00%
86.11%
0.1
(13/36)
(22/36)
(24/36)
(26/36)
(27/36)
(27/36)
(31/36)
36.11%
61.11%
66.67%
72.22%
75.00%
75.00%
86.11%
0.2
(13/36)
(22/36)
(24/36)
(26/36)
(27/36)
(27/36)
(31/36)
38.89%
61.11%
66.67%
72.22%
75.00%
75.00%
86.11%
0.3
(14/36)
(22/36)
(24/36)
(26/36)
(27/36)
(27/36)
(31/36)
38.89%
66.67%
66.67%
72.22%
77.78%
80.56%
91.67%
0.4
(14/36)
(24/36)
(24/36)
(26/36)
(28/36)
(29/36)
(33/36)
36.11%
63.89%
66.67%
75.00%
83.33%
83.33%
91.67%
0.5
(13/36)
(23/36)
(24/36)
(27/36)
(30/36)
(30/36)
(33/36)
38.89%
61.11%
66.67%
72.22%
83.33%
86.11%
88.89%
0.6
(14/36)
(22/36)
(24/36)
(26/36)
(30/36)
(31/36)
(32/36)
44.44%
66.67%
69.44%
72.22%
83.33%
86.11%
88.89%
0.7
(16/36)
(24/36)
(25/36)
(26/36)
(30/36)
(31/36)
(32/36)
44.44%
66.67%
69.44%
75.00%
83.33%
86.11%
88.89%
0.8
(16/36)
(24/36)
(25/36)
(27/36)
(30/36)
(31/36)
(32/36)
47.22%
63.89%
66.67%
72.22%
77.78%
80.56%
86.11%
0.9
(17/36)
(23/36)
(24/36)
(26/36)
(28/36)
(29/36)
(31/36)

For each integer n such that 1 ≤ n ≤ 7, the column ‘Top-n ranks’ shows the percentage
of the problems the actual answers to which were recommended in the top-n ranks, with
the highest percentage value being emphasized in bold. For example, from the columns
‘Top-3 ranks’ and ‘Top-5 ranks’ of the row in which PS = 0.5, the actual answers to 66.67%
(24/36) and 83.33% (30/36) of the problems were recommended in the top-3 ranks and
top-5 ranks, respectively.
From Table 5, the penalty score (PS) of 0.8 yielded the best overall performance. More
precisely, it gave the best results for the top-2, top-4, top-5, and top-6 ranks (66.67%,
75.00%, 83.33%, and 86.11%, respectively), and gave the second best results for the top-1,
top-3, and top-7 ranks (44.44%, 69.44%, and 88.89%, respectively).
Table 6 shows the patterns recommended in the top-5 ranks for the problems in DS and
DB when the penalty score of 0.8 was used. The actual answers are emphasized in the
table using bold alphabet. For the problem Q7 , for example, the Decorator and Adapter
patterns were both recommended in the 1st rank, with the similarity score between each
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Table 6. Recommended patterns in the top-5 ranks with PS = 0.8
Problem

Actual
answer

1st Rank

2nd Rank

Q1

Adapter

Bridge (0.67)

Adapter (0.66)

Proxy (0.63)

Facade (0.54)

Q2

Adapter

Adapter (0.59)

Facade (0.48)

Decorator (0.32)

Bridge, Proxy (0.26)

Q3

Bridge

Bridge (0.74)

Adapter (0.56)

Facade (0.46)

Composite (0.21)

Q4

Bridge

Bridge (0.67)

Composite (0.63)

Decorator (0.58)

Q5

Composite

Composite (0.79)

Decorator (0.73)

Proxy (0.60)

Q6

Composite

Composite (0.65)

Decorator (0.58)

Proxy (0.47)

Flyweight (0.44)
Adapter,
Flyweight (0.47)
Adapter,
Flyweight (0.22)

Q7

Decorator

–

Facade (0.45)

Q8

Decorator

Q9

Facade

Composite (0.90)

Flyweight (0.39)

Q10

Facade

Decorator (0.53)

Bridge (0.34)

Q11

Flyweight

Flyweight (0.88)

Q12

Flyweight

Q13

Adapter,
Decorator (0.55)
Adapter,
Decorator (0.48)

Recommended patterns
3rd Rank

4th Rank

5th Rank
Composite,
Decorator (0.53)
–
Decorator,
Flyweight (0.14)
Adapter (0.34)
–
–

Flyweight (0.37)

Composite (0.09)

–

Flyweight (0.16)

–

Bridge, Facade,
Proxy (0.21)

Proxy (0.20)

Adapter,
Composite (0.18)

–

Composite (0.81)

Adapter,
Decorator (0.47)

–

Bridge, Facade,
Proxy (0.39)

Composite (0.79)

Adapter,
Flyweight (0.69)

–

Facade (0.57)

Bridge (0.40)

Proxy

Adapter, Composite,
Flyweight (0.63)

–

–

Bridge,
Facade (0.52)

–

Q14

Proxy

Proxy (0.61)

Facade (0.33)

Bridge (0.30)

Adapter (0.22)

Q15
Q16

Command
Command

Command (0.45)
Command (0.40)

Mediator (0.17)
Interpreter (0.21)

Interpreter (0.12)
Memento (0.12)

Q17

CoR

Command (0.25)

Visitor (0.27)
Strategy (0.30)
CoR,
Iterator (0.21)

Composite,
Decorator (0.19)
Memento (0.09)
–

–

Strategy (0.20)

State (0.18)

Q18

CoR

Memento (0.49)

Interpreter (0.31)

State (0.15)

Q19

Interpreter

–

–

Q20

Interpreter

Interpreter (0.47)

CoR (0.38)

Q21

Iterator

Visitor (0.32)

Memento (0.29)

–
Strategy,
TM (0.17)
CoR (0.20)

Q22

Iterator

Iterator (0.47)

TM (0.27)

Command (0.26)

CoR (0.18)

Q23
Q24
Q25

Mediator
Mediator
Memento

TM (0.50)
Iterator (0.35)
Command (0.48)

Mediator (0.40)
CoR (0.25)
Memento (0.29)

Iterator (0.23)
Strategy (0.22)
Iterator (0.21)

Command (0.18)
Memento (0.21)
TM (0.18)

Q26

Memento

Command (0.60)

Strategy (0.33)

Memento (0.32)

Interpreter (0.16)

Q27

Observer

Visitor (0.61)

State (0.51)

Interpreter (0.48)

Q28

Observer

Observer (0.42)

Command (0.30)

CoR (0.19)

Q29
Q30
Q31
Q32
Q33

State
State
Strategy
Strategy
TM

Memento (0.64)
Memento (0.35)
Strategy (0.65)
Strategy (0.49)
Command (0.36)

State (0.49)
State (0.34)
CoR (0.12)
Memento (0.33)
Visitor (0.35)

Observer (0.29)
Command (0.24)
TM (0.19)
TM (0.15)
Mediator (0.30)

Memento (0.46)
Strategy,
TM (0.17)
Visitor (0.15)
CoR (0.16)
Memento (0.11)
State (0.09)
Iterator (0.25)

Q34

TM

Interpreter (0.64)

TM (0.60)

CoR (0.52)

Strategy (0.45)

State (0.20)
Observer (0.30)

Visitor (0.18)
Visitor (0.15)

–

Q35
Visitor
Interpreter (0.40)
Iterator (0.26)
Q36
Visitor
Memento (0.64)
State (0.51)
CoR = Chain of responsibility, TM = Template method

Bridge,
Facade (0.39)
Adapter,
Decorator (0.26)

Command, Observer,
Visitor (0.14)
–

–

–

Visitor (0.15)

Mediator (0.18)

Command (0.16)
Mediator, State,
Strategy (0.14)
CoR (0.11)
TM (0.14)
CoR (0.14)
CoR,
Iterator (0.13)
Observer (0.41)

–

–
–
Iterator (0.17)
Visitor (0.10)
Command (0.08)
TM (0.20)
Command,
Visitor (0.40)
Memento (0.15)
–
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of them and Q7 being 0.55, and the Facade, Flyweight, and Composite patterns were
recommended in the 3rd rank, 4th rank, and 5th rank with similarity scores of 0.45, 0.37,
and 0.09, respectively. For the problem Q19 , no pattern was recommended since the computed similarity score between each pattern and Q19 was 0. From the 36 input problems,
the actual answers to 16 problems, 25 problems, and 30 problems were recommended in
the top rank, the top-3 ranks, and the top-5 ranks, respectively.
Figure 5(a) graphically plots the results given in Table 5 when PS = 0.8, along with
additional results for the top-8, top-9, and top-10 ranks. Figure 5(b) focuses on the results
for only the problems in DS , and Figure 5(c) focuses on those for only the problems in
DB , both when PS = 0.8.

(a) DS and DB , ranked within their respective
groups

(b) DS only, ranked among structural patterns

(c) DB only, ranked among behavioral patterns

(d) DS and DB , ranked regardless of pattern
groups

Figure 5. Experimental results when PS = 0.8
As opposed to ranking patterns recommended for the problems in DS and DB only
within their respective groups, Figure 5(d) shows the results obtained by ranking them
regardless of pattern groups, i.e., ranking them among all the 18 patterns altogether (7
structural patterns together with 11 behavioral patterns), when PS = 0.8.
5.3. Improvement with additional term correspondences. Even with the penalty
score that gave the best overall performance, i.e., PS = 0.8, the actual answers to six
input problems, i.e., Q10 , Q13 , Q18 , Q19 , Q21 , and Q24 , were not included by the top-5
recommended patterns (cf. Table 6). On closer examination, several of them, i.e., Q10 ,
Q18 , Q21 , and Q24 , contain terms that technically correspond to constraints or concepts
based on object-oriented software glossaries [24, 25]. For example, the term ‘instance’
refers to the concept ‘object’, and the term ‘method’ technically means an ‘algorithm’
provided by an object. These correspondences are not provided by WordNet in terms of
synonyms, hypernyms, or hyponyms. Moreover, the problems Q18 and Q24 also contain
terms that generally correspond to constraints or concepts according to Oxford dictionary
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[26] and Thesaurus online database [27]. For example, the term ‘manage’ refers to the
constraint ‘handle’ or ‘control’, and the term ‘communication’ could mean an ‘interaction’.
However, WordNet does not include these term correspondences.
To improve term matching during I-vector construction (cf. Section 4.2), the term
correspondences in Table 7 were added. The constraints and concepts in the table were
considered as synonyms of their corresponding terms.
Table 7. Additional term correspondences
Source of correspondence

Constraint or concept
Corresponding term(s)
algorithm
method
function
algorithm, method
Object-oriented software
method
function, operation, procedure
glossaries [24, 25]
object
instance
operation
function, method
Oxford dictionary [26] and
control
handle, manage, management
Thesaurus online database [27]
interaction
communication

Henceforth, we refer to the method presented in Section 3, where only WordNet was
used for term matching, as the core method (for short, ‘Core’), and refer to the extension
of Core by using the additional term correspondences in Table 7 along with WordNet
as ‘Core+TC’. Table 8 gives overall experimental results obtained from Core+TC when
patterns recommended for a problem in each dataset were ranked within its respective
group. Compared to Table 5, Core+TC performed better than Core with all penalty
scores for all top-n ranks such that n ≥ 2. Again, the penalty score of 0.8 yielded the best
overall performance. It gave the best results for the top-3, top-4, top-5, and top-6 ranks
(75.00%, 80.56%, 88.89%, and 91.67%, respectively), and gave the second best results for
the top-1, top-2, and top-7 ranks (44.44%, 69.44%, and 94.44%, respectively).
Table 8. Overall experimental results using Core+TC
Penalty
Percentage of correct answers
score (PS) Top-1 rank Top-2 ranks Top-3 ranks Top-4 ranks Top-5 ranks Top-6 ranks Top-7 ranks
33.33%
66.67%
75.00%
77.78%
80.56%
80.56%
88.89%
0.0
(12/36)
(24/36)
(27/36)
(28/36)
(29/36)
(29/36)
(32/36)
36.11%
63.89%
69.44%
75.00%
77.78%
77.78%
88.89%
0.1
(13/36)
(23/36)
(25/36)
(27/36)
(28/36)
(28/36)
(32/36)
38.89%
63.89%
69.44%
75.00%
77.78%
77.78%
88.89%
0.2
(14/36)
(23/36)
(25/36)
(27/36)
(28/36)
(28/36)
(32/36)
38.89%
63.89%
69.44%
75.00%
77.78%
77.78%
88.89%
0.3
(14/36)
(23/36)
(25/36)
(27/36)
(28/36)
(28/36)
(32/36)
38.89%
69.44%
69.44%
75.00%
80.56%
83.33%
94.44%
0.4
(14/36)
(25/36)
(25/36)
(27/36)
(29/36)
(30/36)
(34/36)
36.11%
66.67%
69.44%
77.78%
86.11%
88.89%
97.22%
0.5
(13/36)
(24/36)
(25/36)
(28/36)
(31/36)
(32/36)
(35/36)
38.89%
66.67%
69.44%
77.78%
88.89%
91.67%
94.44%
0.6
(14/36)
(24/36)
(25/36)
(28/36)
(32/36)
(33/36)
(34/36)
44.44%
72.22%
75.00%
77.78%
88.89%
91.67%
94.44%
0.7
(16/36)
(26/36)
(27/36)
(28/36)
(32/36)
(33/36)
(34/36)
44.44%
69.44%
75.00%
80.56%
88.89%
91.67%
94.44%
0.8
(16/36)
(25/36)
(27/36)
(29/36)
(32/36)
(33/36)
(34/36)
47.22%
69.44%
75.00%
80.56%
86.11%
88.89%
94.44%
0.9
(17/36)
(25/36)
(27/36)
(29/36)
(31/36)
(32/36)
(34/36)
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Figure 6 compares the performance of Core (cf. Figure 5) with that of Core+TC when
PS = 0.8. Core+TC yielded better results than Core in Figure 6(a), Figure 6(c), and
Figure 6(d). However, they gave the same results in Figure 6(b), where only the problems
in DS were considered.

(a) DS and DB , ranked within their respective
groups

(b) DS only, ranked among structural patterns

(c) DB only, ranked among behavioral patterns

(d) DS and DB , ranked regardless of pattern
groups

Figure 6. Comparison between Core and Core+TC when PS = 0.8
5.4. Comparison with text-based pattern ranking using a VSM. We adopt as our
baseline method the text-based pattern ranking scheme employed in [5, 6] (cf. Section 2.1),
where document representation using a vector space model (VSM) was used. Designpattern documents were prepared in the same way as the preparation in [5, 6], i.e., all
textual sentences in the ‘intent’, ‘applicability’, and ‘motivation’ sections for a design
pattern p in the GoF book [1] were taken as the content of the design-pattern document for
p. The Stanford tokenizer provided by the Stanford CoreNLP toolkit [28] was applied to
the design-pattern documents and a given input-problem document (i.e., a given problem
description) for removal of stop words and word stemming. DF was applied for selecting
relevant words and TFIDF was used for term weighting. Cosine similarity scores were
computed between the vectors representing the design-pattern documents and the vector
representing the input-problem document.
The baseline method was applied to the problems in the datasets DS and DB . Figure 7
compares the results obtained from the baseline method with those obtained from Core
and Core+TC (cf. Figure 6) when PS = 0.8. In each of the four sub-ﬁgures (Figures 7(a)7(d)), Core and Core+TC gave better results than the baseline method by a large margin
for the top-n ranks such that 1 ≤ n ≤ 5. In Figure 7(a), for example, Core+TC yielded
the results of 75.00% and 88.89% for the top-3 and top-5 ranks, respectively, while the
baseline method gave only 33.33% and 58.33%, respectively.
Moreover, in Figure 7(d), where recommended patterns were ranked regardless of pattern groups, both Core and Core+TC performed signiﬁcantly better than the baseline
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(a) DS and DB , ranked within their respective
groups

(b) DS only, ranked among structural patterns

(c) DB only, ranked among behavioral patterns

(d) DS and DB , ranked regardless of pattern
groups

Figure 7. Comparison with the baseline method when PS = 0.8
method not only for the top-n ranks such that 1 ≤ n ≤ 5 but also for those such that
n > 5. For example, for the top-8 ranks in Figure 7(d), Core+TC and the baseline method
yielded the results of 88.89% and 47.22%, respectively.
6. Conclusions. Recommender systems have been proposed in several application contexts, e.g., technology enhanced learning [29] and user-interface design [30]. We focus our
attention on automatic recommendation of GoF patterns. In contrast to the text-based
pattern ranking approach using a vector space model [5, 6], where design patterns are
represented based on occurrences of words in their textual descriptions, the GoF patterns
are represented in our approach in a conceptual level in terms of the problem types addressed by them. To represent an input design problem, terms representing intentions and
related entities are extracted and then matched with the constraints and concepts characterizing problem types. The proposed method was evaluated on 36 input design problems
collected from six object-oriented software design pattern books [1, 2, 3, 17, 18, 19] and
some other resources on Internet. When the suitable pattern groups for the problems
were predetermined, the correct patterns for 69.44% and 83.33% of the problems were
recommended within the top-3 and top-5 ranks (cf. Figure 5(a)). When the suitable
pattern groups were not known, the correct patterns for 61.11% and 80.56% of the problems appeared within the top-3 and top-5 ranks (cf. Figure 5(d)). By addition of term
correspondences for improvement of term matching, the performance was increased, for
example, from 69.44% to 75.00% for the top-3 ranks and from 83.33% to 88.89% for the
top-5 ranks when the suitable pattern groups were predetermined (cf. Figure 6(a)). When
evaluated on the same problem collection, our method performed signiﬁcantly better than
text-based pattern ranking using a vector space model (cf. Figure 7).
Dependency exists among design patterns, i.e., some pattern may employ another pattern as a supplement. For example, the Strategy pattern uses the Factory Method pattern
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to determine a concrete strategy class to be instantiated. In this work, pattern dependency has not been taken into account. Further work includes a detailed study on dependency
among design patterns and an extension of the proposed framework to support pattern
recommendation with respect to pattern dependency, e.g., recommendation of patterns
together with their supplementary patterns.
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