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Context: Software patterns encapsulate expert knowledge for constructing successful solutions to recur-
ring problems. Although a large collection of software patterns is available in literature, empirical evi-
dence on how well various patterns help in problem solving is limited and inconclusive. The context
of these empirical findings is also not well understood, limiting applicability and generalizability of
the findings.
Objective: To characterize the research design of empirical studies exploring software pattern application
involving human participants.
Method: We conducted a systematic mapping study to identify and analyze 30 primary empirical studies
on software pattern application, including 24 original studies and 6 replications. We characterize the
research design in terms of the questions researchers have explored and the context of empirical research
efforts. We also classify the studies in terms of measures used for evaluation, and threats to validity con-
sidered during study design and execution.
Results: Use of software patterns in maintenance is the most commonly investigated theme, explored in
16 studies. Object-oriented design patterns are evaluated in 14 studies while 4 studies evaluate architec-
tural patterns. We identified 10 different constructs with 31 associated measures used to evaluate soft-
ware patterns. Measures for ‘efficiency’ and ‘usability’ are commonly used to evaluate the problem
solving process. While measures for ‘completeness’, ‘correctness’ and ‘quality’ are commonly used to
evaluate the final artifact. Overall, ‘time to complete a task’ is the most frequently used measure,
employed in 15 studies to measure ‘efficiency’. For qualitative measures, studies do not report
approaches for minimizing biases 27% of the time. Nine studies do not discuss any threats to validity.
Conclusion: Subtle differences in study design and execution can limit comparison of findings.
Establishing baselines for participants’ experience level, providing appropriate training, standardizing
problem sets, and employing commonly used measures to evaluate performance can support replication
and comparison of results across studies.
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1. Introduction

While the availability of frameworks and tools enable develo-
pers to build more complex systems by reusing software compo-
nents, software development remains a knowledge-intensive
problem solving activity, largely relying on available skills and
expertise [1]. Experts in any field are rare; capturing and sharing
expert knowledge helps to raise the baseline performance of a
novice (or non-expert) [2]. Software patterns are a popular
approach for capturing and sharing expert knowledge for con-
structing successful solutions to recurring problems [3]. Despite
the popular adoption of patterns in software engineering, how do
we know that software patterns meet their goal of successfully
capturing and sharing expert knowledge across the software devel-
opment community to support problem solving? Applying soft-
ware patterns during problem solving, much like most of
software engineering, is a human-centered activity. The merit of
a pattern can be assessed in terms of how successfully a practi-
tioner employs a pattern to solve a particular commonly occurring
problem. Empirical research evaluating the use of software pat-
terns by software engineers (i.e., studies that involve human par-
ticipants) can help in establishing whether a given pattern helps
in problem solving.

The empirical evidence on how well various patterns help in
problem solving is limited, often inconclusive, and merits further
investigation. The context of empirical findings is also not well
understood which limits applicability and generalizability of
the findings. Furthermore, to lend validity to study findings
and isolate confounding factors, empirical studies need to be
replicated and synthesized. A clear description of the empirical
protocol and a clear description of the context of the study is
pre-requisite in replicating and synthesizing studies [4].
Systematic reviews, such as a mapping study, can help gather
and categorize existing empirical research design practices, iden-
tify common research protocols, context factors and measures
used to evaluate software patterns. Such information can be of
use to researchers designing new studies or replicating existing
studies.

To this end, the objective of this paper is to characterize the
research design of empirical studies exploring software pattern
application involving human participants.

We conducted a systematic mapping study [5] of existing litera-
ture on software pattern application in an empirical setting to
aggregate existing research design practices. We characterize the
research design in terms of the questions researchers have
explored and the context of empirical research efforts including
participants, patterns, training and tasks. We also classify the stud-
ies by what investigators’ measured to evaluate pattern applica-
tions, and by threats to validity considered during study design
and execution. We have established the following research ques-
tions to focus our analysis. We address each of these questions in
the section referenced in parentheses.

RQ1. What research questions and hypothesis have been
empirically investigated in reference to the application of soft-
ware patterns? (Section 4.1).
RQ2. What is the context of empirical research efforts, such as
participant demographics, preparatory material, patterns and
task details, which investigate the application of software pat-
terns? (Section 4.2).
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RQ3. What constructs and associated measures have been used
to evaluate the application of software patterns? (Section 4.3).
RQ4. What threats to validity related to the study design and
execution have been considered by the researchers?
(Section 4.4).
RQ5. How do replicated studies of software pattern application
compare to original studies in term of study design?
(Section 4.5).

Our analysis leads to considerations for mitigating some of the
limitations of existing research to support replication and synthe-
sis. We selected a set of 30 primary empirical studies reported in
27 papers for our analysis. The software patterns evaluated in
the primary studies range from object-oriented design patterns
to software architecture and security patterns. Object-oriented
design patterns were inspired by Christopher Alexander’s concept
of patterns in building architectures [6] and are intended to be gen-
eric, reusable solutions that a software developer can ‘‘instantiate’’
into their system design to solve a problem [7]. These design pat-
terns, popularly known as the Gang of Four (GoF) patterns, have
received wide acceptance among practitioners and academicians
and have led to the proliferation of patterns in other software engi-
neering areas ranging from enterprise application architectural
patterns [8] to software product line patterns [9] and security pat-
terns [10]. In this paper, the term software pattern is inclusive of
all pattern types used in the selected studies. Our research con-
tributes the following:

� A systematic map of empirical literature that draws together
research evaluating software pattern application in problem
solving.
� Identification and categorization of data related to study design,

including a classification of measures used to evaluate success
when applying software patterns during problem solving.
� Compilation of reported threats to validity of studies evaluating

software pattern application.
� Considerations to support replication and comparability of

study findings.

The remainder of our paper is organized as follows: we discuss
the background and related work in Section 2. In Section 3, we pre-
sent our methodology for conducting the mapping study, including
quality assessment of included studies. In Section 4, we present
answers to our research questions. In Section 5, we discuss con-
siderations based on our analysis. We discuss threats to validity
of our mapping study in Section 6 and conclude our paper in
Section 7.
2. Background and related work

In this section, we discuss software patterns and the role of
mapping studies in software engineering as key background con-
cepts. We also present background and terminology related to
replication studies as we have included replication studies in our
analysis. Other concepts and terminologies, such as types of threats
to validity, are defined where discussed in the paper for clarity and
readability. In terms of related work, we summarize existing sec-
ondary studies that cover various aspects of software patterns.
2.1. Software patterns

Software patterns are a means of providing successful solutions
to common software problems [11]. Patterns are closely related to
the concept of problem schemas. A problem schema is a mental
structural representation that facilitates problem solving by
grouping problems into categories that require similar solutions
[12]. Similarly, software patterns represent a structural unit that
captures the knowledge of an expert in solving common software
problems that require similar solutions. Software patterns, like
problem schemas, allow structuring of information such that the
essential commonalities of the solution are abstracted, while leav-
ing out specific details. Kohls et al. [13] have discussed this relation
between design patterns and schema theory in detail, noting that
patterns can be used to transfer knowledge and expertise by facili-
tating the creation of mental schemas in the recipient.

Jackson [14] argues that once the requirements, design and
solution for a problem have been successfully formulated, it may
be counterproductive to rework the problem from scratch.
Software patterns essentially capture reusable solutions to com-
mon software problems that have proven to be successful over
multiple instances. In this sense, software patterns are closely
related to Jackson’s problem frames [15]. A problem frame is a
recognized class of problems specified primarily in terms of prob-
lem context, problem and solution domains, phenomena and
requirements. The class of problems in a problem frame have a
recognized solution. Problem frames can thus be considered prob-
lem patterns.

The software patterns community has attributed several bene-
fits to the use of patterns during problem solving, such as: facil-
itation and ease of reuse; identification and capture of abstract
concepts; aid in defining interfaces and interactions; means of
shared documentation; construction of software with defined
properties; and provision of common vocabulary [16]. Our analysis
spans existing research on software patterns evaluating their suc-
cess in providing these benefits.

2.2. Mapping studies in software engineering

Systematic mapping studies (or scoping study) provide a defined
methodology to identify the scope and coverage of research results
available in the literature on a software engineering topic of inter-
est [5]. Mapping studies are differentiated from Systematic
Literature Reviews (SLR) [17] based on the nature of research ques-
tions and the synthesis of collected evidence. Research questions in
a mapping study are exploratory in nature and focus on providing
insights into the current state of research and practice about a
specific topic. Whereas, an SLR focuses on synthesizing results to
address a well-defined research question [18]. The outcome of a
mapping study is an identification of relevant studies and structur-
ing of data from these studies based on the research questions.
Additionally, mapping studies can be useful in identifying appro-
priate methodology for subsequent analysis of the data once the
form and extent of dataset has been determined [16].

2.3. Replication studies

Replication studies are beneficial to evaluate the validity of
prior study findings, either by reproducing results or by isolating
factors that can influence results and that lead to variations.
According to Lindsay et al. [19] a ‘close’ replication study attempts
to recreate the known conditions of original study and is very simi-
lar to the original study. Close replications are often used to estab-
lish whether the original outcomes are repeatable at all i.e., initial
outcomes were not unduly influenced by confounding factors. A
‘differentiated’ replication study has a known or deliberate varia-
tion in terms of a major effect of the original study conditions.
Differentiated replications allow researchers to explore the impact
of variations in treatments on the study outcomes [19]. If the repli-
cation study involves only a subset of tasks or studies a subset of
factors, it will be considered a ‘partial replication’. In addition to
replication, Gomez et al. [20] argue that there are other ways of
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verifying experimental findings, including reproduction and re-
analysis of original studies. Where a replication study uses the
same method as the original study, a reproduction study (also
called a ‘conceptual replication’) uses a different method to repro-
duce the findings of the original study. A reproduction study can
establish if the results of the original study are due to the study
design or do the findings of the original study hold independently.
A re-analysis study (also called an ‘internal replication’) uses exist-
ing data and re-analyzes it using similar or different analysis pro-
cedures to see if the results of the original study hold or to develop
new insights based on the original data. We have included six
replication studies in our analysis and use above definitions from
literature to classify these replication studies.
2.4. Secondary studies on software patterns

A number of secondary studies have been conducted in recent
years that assess the impact of design and architecture patterns
on various software quality attributes.

Zhang and Budgen [21] conducted a mapping study to identify
the usefulness and usability of GoF design pattern application in an
empirical setting. With the exception of the role of design patterns
in maintenance, Zhang and Budgen did not identify any firm sup-
port for the benefits attributed to design patterns based on their
analysis of 11 selected papers. They suggest that future studies
on empirical evaluation of design patterns should focus on the role
of design patterns in maintenance.

Ampatzoglou et al. [22] have conducted a mapping study to
investigate the effect of GoF design patterns usage on software
quality attributes. They classify the studies into primary areas of
research including formalization, detection, and application of
design patterns. Based on the findings reported in primary studies,
researchers found contradictory evidence related to the effect of
design patterns on software quality. Researchers noted that design
pattern detection and effect of design patterns on software quality
are the most active areas of research related to GoF patterns. Ali
and Elish [23] have also conducted a survey on the impact of GoF
design patterns on software quality. They note that only a subset
of Gof design patterns have been empirically evaluated and only
four quality attributes have been explored related to GoF design
patterns.

Galster and Avgeriou [24] have analyzed the impact of patterns
related to the domain of service-oriented architecture (SOA) on
various quality attributes. Researchers found a mismatch between
patterns for SOA and important quality attributes for the domain of
SOA.

Findings of the aforementioned secondary studies indicate an
apparent lack of consensus regarding the impact of various pat-
terns on software quality attributes. The findings also highlight a
need for further empirical evaluation of software patterns while
considering the context in which these patterns are applied to
establish applicability and generalizability of the results. Our map-
ping study contributes towards mitigating some of the limitations
identified in the above secondary studies by characterizing the
research design of existing empirical studies on software pattern
application and by providing considerations to support replication
and synthesis. We aggregate and classify existing empirical litera-
ture to elicit common themes related to design, context and mea-
surement of software pattern application. Thus, we do not consider
studies that evaluate a software artifact in isolation [26], focus on
structural or quality aspects of patterns in isolation [24], or use
automated techniques for pattern detection. Furthermore, we
explore the broader concept of software patterns, including GoF
design patterns and SOA patterns considered in existing secondary
studies.
3. Methodology

We have conducted a systematic mapping study to select and
analyze existing literature [25] on the empirical evaluation of soft-
ware pattern application by students and professionals. We pre-
sent the details of our methodology below.

3.1. Inclusion and exclusion criteria

We are interested in empirical evaluation of software pattern
application. In this section, we present the criteria used to identify
publications related to empirical evaluation of software papers
that are relevant to our research.

3.1.1. Exclusion criteria
Exclusion criteria are used to narrow down the initial set of

search results by the process of elimination. Based on our research
questions, we exclude publications that meet the following
criteria:

(1) Publications that are unrelated to the software engineering
domain.

(2) Books and non-peer reviewed publications on software
patterns.

(3) A peer reviewed publication, in the field of software engi-
neering, not related to empirical evaluation of software pat-
tern application.

Our criteria will exclude publications that are not related to
empirical evaluation of software patterns or do not involve appli-
cation of software patterns.

3.1.2. Inclusion criteria
Inclusion criteria defines the attributes that are essential for a

study to be selected in our analysis. Initially, we considered a stric-
ter inclusion criteria indicating that studies should provide ade-
quate details for various data elements related to empirical
design. However no study was solely excluded on the basis of level
of details provided. Publications that were not excluded per the
exclusion criteria and that meet the following criteria are included
in our analysis:

(a) Study describes an actual evaluation of software pattern
application in empirical settings, not just a proposal, opinion
or pilot study.

(b) Study provides some details related to the empirical proto-
col and context factors.

(c) Study provides some details related to the criteria for eval-
uating the outcome.

(d) Study provides some results and discussion based on the
effect of using patterns.

Our inclusion criteria would exclude surveys where participants
provide their opinion about software patterns [27] without using
patterns in problem solving in an empirical setting.

3.2. Search and selection process

We conducted an exploratory search to identify appropriate
search terms in accordance with the objective of our mapping
study. For this purpose, we conducted search on Google Scholar
using various combinations of terms ‘software’, ‘pattern’ and syn-
onyms for ‘study’. Given the broad meaning of term ‘pattern’ and
the prevalent use of ‘software’ in diverse domains, we noticed a
large number of results that were out of scope for our study. In



Table 2
Paper counts at each voting stage.

Voting stage # of papers voted on by: Selected for
next stage

Author 1 Author 2 Researcher 1 Researcher 2

Paper titles 577 282 295 61 207
Abstracts 207 58 44 39 57
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accordance with our exclusion criteria, we deemed two main types
of results as out of scope: (1) literature covering domains other
than software engineering e.g., patterns in biology, behavioral
sciences, network traffic, etc.; and (2) literature on software pat-
terns covering automated techniques for pattern application, min-
ing, or evolution without involving human participants. Restricting
the search to specific subject areas eliminated some of these
results. The search results still included extraneous publications
that were filtered out based on the inclusion/exclusion criteria.

During the exploratory search, we also noticed that many
authors used more specific terms (e.g., ‘architectural pattern’,
‘security pattern’, ‘requirement pattern’) instead of the general
term ‘software pattern’. However such papers invariably men-
tioned ‘design patterns’ as a background concept. Many papers also
discussed the introduction of ‘patterns’ concept from the field of
‘architecture’. We also noticed that limiting the search to title,
abstract, and keywords returned a very small number of results.
Based on the results and insights from the exploratory search
phase, we selected the following search term for our study:

� [[software AND pattern] OR [design AND pattern] OR [software
AND architecture AND pattern]]
AND
[evaluation OR experiment OR empirical OR study]

With the selected term, we conducted search on four digital
libraries for relevant papers up to September 2014. The search
term could appear anywhere in the paper. The digital libraries
are listed below:

� Google Scholar (Subjects: Engineering & Computer Science,
Social Sciences).
� ACM Digital Library.
� IEEE Xplore.
� Science Direct (Type: Journals; Subjects: Computer Science,

Engineering, Social Sciences).

We included ‘Social Sciences’ in the Science Direct subject
because we were interested in the use of software patterns in edu-
cation, among other areas, and this research can appear in Social
Sciences publications (e.g., Computers & Education, Educational
Psychology, etc.).

Table 1 provides a breakdown of our search results, removing
duplicates and only considering papers that seemed potentially
relevant given the scope of our study. We use two types of stop-
ping criteria during our search: (1) we reviewed all results until
we counted a fixed number of consecutive results that were out
of scope (e.g., ACM and IEEE) and (2) we reviewed all results within
a fixed-limit threshold (e.g., Google Scholar and Science Direct).
We initially planned on using only the first stopping criteria.
However we observed a large number of out of scope results early
on in Google Scholar (the first digital library searched) and decided
Table 1
Search results by digital libraries.

Digital library Search stopping criteria Potentially relevant
papersa

Google Scholar First 1000 Results 409
ACM 40 consecutive results out of scope 83
IEEE Xplore 40 consecutive results out of scope 37
Science Direct First 1000 Results 109

Total: 638

a Excluding duplicates.
to continue looking at the results beyond the initial stopping cri-
teria. We did not use any automated scripts or tools while search-
ing the first three digital libraries. We walked through the search
results in the order of decreasing relevance, as sorted by the digital
library, marking potentially relevant papers in the process. In the
case of Science Direct, we used EndNote1 to import citations for first
1000 results returned based on relevance to our search string. These
results were sorted in alphabetical order (on the name of each
paper’s first author) and examined in that order to identify poten-
tially relevant papers.

Our search queries produced an initial set of 638 potentially
relevant papers, excluding duplicates. Four researchers separately
voted on the paper titles during the first voting stage. The first
author voted on all papers, as indicated in Table 2. The second
author and two other researchers voted on subsets of 282, 295
and 61 paper titles, respectively. After applying the exclusion cri-
teria, 207 papers were selected for voting on abstracts. The first
author voted on all abstracts; the second author and two other
researcher voted on a subset of 58, 44 and 39 abstracts respec-
tively. We further eliminated 150 of these papers by evaluating
the abstracts against the given inclusion and exclusion criteria,
yielding a set of 57 papers to be considered in the next phase in
which the whole paper is considered. At each stage, a paper with
a positive vote from any of the voters was considered for the next
stage.

Next, we performed a snowball search, looking at references of
the 57 papers selected after voting on abstracts to identify any fur-
ther potentially relevant papers. Three additional papers were
found as a result, providing a total of 60 papers for the next step
in the selection process. The first author applied inclusion criteria
on the full papers in this set to yield the final set of 27 papers for
our analysis.

To expand the scope of our search, we performed manual search
on two journals, the Empirical Software Engineering Journal and
Journal of Software: Evolution and Process. These journals are
not indexed by the digital libraries used in our analysis but publish
similar research. We found some papers on software patterns
related to automatic pattern detection, pattern evolution in an arti-
fact, or discussion of various structural or quality aspects of pat-
terns without an empirical evaluation involving software pattern
application. However, the search did not result in the inclusion of
additional studies based on our criteria.

We used 11 papers on design patterns evaluation, identified in
Zhang and Budgen’s mapping study [21], as a quasi-gold standard
[28] for our search process. Based on our search string, ideally the
search results should included all of the 11 papers as we explore
the broader concept of software patterns evaluation. We were able
to identify 8 of the 11 papers based on our search string
corresponding to a quasi-sensitivity of 72.72%. This is similar to
the findings of Dieste et al. [29] for the digital libraries used in
our mapping study and considered acceptable for Software
Engineering reviews. Our overall search process was able to iden-
tify all 11 papers after the snowball search on papers selected after
voting on abstracts.
1 http://endnote.com/.

http://endnote.com/


Fig. 1. Quality score of studies over the years.
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3.3. Included papers

Our analysis set includes a total of 27 papers covering software
patterns from the domains including object-oriented design, soft-
ware architecture, software security to collaborative learning and
ubiquitous computing. Each paper is assigned a unique reference
code for the purpose of our analysis. Twenty-one of the 27 papers
document original studies whereas the remaining six report repli-
cation studies of one of the original studies. The 21 papers report-
ing original studies are assigned two-digit numerical codes 01
through 21 prefixed by the letter ‘‘S’’. The papers documenting
replication studies are numbered differently, starting with the
original study number followed by ‘‘-R’’ and a replication number
(e.g. S04-R1 is replication one of study S04). We use these codes
throughout the remainder of this paper to refer to individual
papers. See Appendix A for the reference codes and bibliographical
references of the included studies.

Paper S01 discusses the results of three distinct pattern-related
empirical studies. We refer to these as S01-A, S01-B, and S01-C.
Paper S03 describes two replications of a controlled experiment,
which we refer to as S03-A and S03-B. In total, we examined 30
distinct primary studies (24 original studies; 6 replication studies)
of software patterns reported in 27 papers. Five of these 30 studies
are case studies and the remaining are experiments.

Studies S03 and S04 have been replicated one and five times,
respectively. S03 was replicated by an independent set of research-
ers whereas a subset of researchers from the original study S04
was involved in all its five subsequent replications. Four of the
replications of S04 have been conducted as part of a ‘Joint
Replication Project’ [30] and are numbered S04-R2 to S04-R5.
These replications were carried out using a replication web portal.
Participants in all four of these replication studies were graduate
and undergraduate students, whereas the original study was con-
ducted on professionals. We discuss replication studies in
Section 4.5 when we address RQ5.

Moreover, studies S03-A and S03-B can be considered close
replications of the same experiment. Both experiments are con-
ducted in the same timeframe, by the same researchers, and the
conclusions are drawn based on the results of both studies.
Studies S14 and S16 are based on the same experiment, but report
findings on different factors that affect program maintenance in
the presence of deployed design patterns. S16 can be considered
a re-analysis study based on the same experiment as reported in
S14.

With regard to the different types of replication studies, we are
not making any assumptions about the variations we expect to see
between original and replication studies. Any variations that exist
between original and replication studies in terms of a study design
aspect are reported within the context of the research questions.
When summarizing our findings, we specify that these findings
are based on X of 24 original studies and Y of 6 replication studies.
If there are no variations between original and replication studies
in terms of a study design aspect, we report the results in terms
of original studies to avoid inflating the use of replicated design
practices.

3.4. Quality assessment of included studies

For systematic literature reviews, Kitchenham and Charters [17]
recommend quality assessment of included studies to assess the
validity of the evidence as the evidence is synthesized to answer
specific research questions. We assess the level of detail for the
empirical protocol and various contextual factors provided in the
primary studies, which is not typically required for mapping stud-
ies. For each paper, we consider the following five questions to
assess this level of detail:
� Do the authors clearly state research questions or hypotheses
for the study?
� Do the authors describe the sample population in terms of

demographics and experience (including knowledge of
patterns)?
� Do the authors explicitly describe the patterns they are using

and rationale for selecting these patterns?
� Do the authors provide details about their findings and

applicability of the findings?
� Do the authors discuss limitations/threats to validity of their

study?

In answering each of the above questions, we use a scale from
0–3 (0 = Not at all; 1 = Somewhat; 2 = Mostly; 3 = Fully) as used
by Kitchenham et al. [31] and compute the overall score by averag-
ing the scores for individual questions. A higher quality score indi-
cates that the researchers have provided a detailed report of the
empirical study. Detailed reporting is important for supporting
replication and analysis of a study. We provide the results of this
quality assessment in Appendix B. Fig. 1 provides a breakdown of
quality assessment scores over the years in which the primary
studies are published. Studies often lacked in details related to
the sample population and the threats to validity. However, almost
82% of the included papers have an average score over 2.5 indicat-
ing that the studies are of fairly good quality. The quality score for
studies published in recent years is consistently high.

The quality scores assigned based on the above criteria reflect
our perceived clarity and comprehensiveness of the presentation
of information that we aimed to collect for our mapping study.
These scores may not be reflective of the quality in terms of
empirical design or of the publication venue.
3.5. Data extraction and analysis methodology

We have analyzed each study and extracted relevant data to
answer our research questions. In Table 3, we list the data items
extracted from each study.

We extract each of the above data item from each study and
organize the data from different studies into common categories.
In the spirit of Glaser, we perform grounded analysis to allow the
structure, categories and themes to emerge from the data [32]
while guiding our inquiry by our research questions. For instance,
consider Table 6 listing factors for grouping participants. In the
beginning, we do not have any category for the factors. From the
first study, we identify that participants are grouped based on
experience so we add a category ‘experience-based’. In the second
study, we find that grouping is done on the basis of experience as
well as based on the differences in information and tasks. Thus we
identify two additional categories ‘pattern vs. non-pattern infor-
mation’ and ‘pattern vs. non-pattern task’. We continue the analy-
sis until we have gone through all the studies, placing studies
either in already identified categories or creating new categories



Table 3
Extracted data items.

Category Data Items

Research
Questions

Research questions, hypothesis, assertions, constructs
explored based on research questions

Participants Role, experience level, method of determining expertise,
incentive, sample size, grouping factors

Preparatory
Material

Preparatory material, method of delivery of material

Tasks Task type, lifecycle emphasis, number of tasks, magnitude
of task, differences in tasks for participants, termination
criteria for task

Patterns and
Tools

Domain of patterns, patterns studied, rationale for selecting
these patterns, programs, tools or frameworks used

Evaluation Constructs used for evaluation, associated measures used
for evaluation, approaches to minimize subjective
assessment

Validity Any reported threats to internal, external, construct and
conclusion validity

Replications Type of replication, motivation for replication, differences in
findings between original study and replication

Table 4
Themes related to software patterns usage.

Theme Studies focusing on the theme

Maintenance – modifying existing
solutions

S02, S03-A, S03-B, S04, S08, S10,
S11, S14, S16, S17

Construction – creating new solutions S02, S06, S09, S12, S15, S20, S21
Training – learning problem solving in a

new domain
S01-A, S01-B, S01-C, S02, S05,
S06, S08, S13

Performance – providing better solutions S04, S06, S07, S10, S12, S19, S21
Documentation – capturing or recovering

rationales and decisions
S03-A, S03-B, S15, S17, S18, S20

Communication – supporting team
communication

S06, S11, S21
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based on the data item. In some cases, we might have to combine
multiple categories into a single category or divide into distinct
categories to manage the level of details and clarity of information.
For some data items, such as threats to validity, we have already
established categories in the software engineering literature [33].
We use already established categories where applicable to cat-
egorize the data extracted during our analysis. Research questions
RQ1–RQ5 are addressed in Section 4 by compiling and analyzing
study design attributes of the included studies. Our findings are
indicative of existing empirical design strategies among research
practice.

4. Results

We present the results of our mapping study in this section.
We report the details related to a replicated study separately
only when differences exist between the original study and
the replicated study in terms of a particular study design
aspect.

4.1. RQ1: research questions and hypotheses

RQ1. What research questions and hypothesis have been empiri-
cally investigated in reference to the application of software
patterns?

This research question directs us to understand the specific
aspects of software pattern application that the researchers seek
to explore. Research questions are interrogative statements that
target a single phenomenon or concept and serve as a sign post
to the investigator [34]. Empirical design and quantitative mea-
surement begins with framing the research questions and
deciding what to measure as dependent and independent vari-
ables. Hypotheses are falsifiable statements that link the
independent and dependent variables and a statistically signifi-
cant measure is used to attempt to disprove a hypothesis. A
null hypothesis states that no statistically significant difference
exists in a set of given observations. Whereas an alternate
hypothesis is the negation of the null hypothesis. In Appendix
C, we reproduce the research questions (prefix Ri) and hypothe-
ses (prefix H0i for Null Hypothesis; Hni for Alternate
Hypothesis), verbatim where reported. When a paper supplied
none of these explicitly, we list the questions inferred from
study description (italicized).
Based on the research questions and hypothesis of the primary
studies, we identify: (a) themes that the studies focus on in terms
of software patterns usage and (b) constructs each study is inter-
ested in measuring. We identified six broad themes related to soft-
ware pattern usage. If a study focuses on the role of patterns while
modifying an existing solution, we categorize it as related to the
theme of ‘maintenance’. When new solutions are created, we cat-
egorize it as ‘construction’ theme. Studies that focus on training
novices using patterns or introducing practitioners to new domain
using patterns are categorized under ‘training’ theme. Studies
where research questions explore how solutions involving patterns
compare with alternate solutions are categorized as ‘performance’
theme. We list all the identified themes in Table 4 below. Note that
each study can belong to multiple themes. Most commonly inves-
tigated theme, explored in 10 of 24 original studies, and all 6 repli-
cations, is the role of software patterns in maintenance-related
activities.

Based on keywords in the research questions, we also identify
the constructs each study is interested in measuring when using
software patterns, as shown in Fig. 2. Constructs provide a granular
view of what the researchers are interested in exploring as com-
pared to the broad themes. In social sciences, constructs are social
and psychological concepts that cannot be measured directly, but
require measuring one or more variables indirectly [35]. Whereas
height, weight and age are commonly accepted variables with
standard units of measure, the concepts of productivity, usability
and communicability are constructs that are measured indirectly.
We organize the constructs as code-level, design-level and knowl-
edge and communication. Some constructs may fall into multiple
categories. For instance, ‘design skills’ is both a design-level and
knowledge and communication construct. These constructs also
help in identifying subtle differences between the studies. For
instance, we can make a distinction between studies on architec-
tural patterns exploring ‘usability’ vs. ‘modularity’ of the architec-
ture. We may also compare constructs extracted from research
questions with the constructs used to actually evaluate the out-
come. Ideally these constructs should be similar so the goals, ques-
tions and metrics of the study are aligned [36].

4.2. RQ2: empirical design context factors

RQ2. What is the context of empirical research efforts, such as
participant demographics, preparatory material, patterns and task
details, which investigate the application of software patterns?

This research question directs us to identify ‘who’ are the par-
ticipants (demographics, etc.), ‘how’ are they trained and assigned
to the task (training, grouping, etc.), and ‘what’ task do they have to
perform (problem, patterns, etc.). The context of empirical research
efforts can help in establishing the applicability and generalizabil-
ity of the findings and support future replications. We discuss each
of the context factors below.



Table 5
Details related to participants.

Participant Role � Undergraduates (S01-A, S01-B, S03-A,S03-B,
S03-R1, S04-R2, S04-R5, S05, S10, S13, S14, S16,
S19)
� Graduate students (S02, S03-A, S04-R2, S04-R3,

S04-R4, S06, S08, S09, S11, S12, S14, S15, S16,
S17, S18, S20)
� Mix of students and professionals (S01-B, S06,

S17, S21)
� Professionals only (S04, S04-R1)

Experience Level � 5 Levels: 0–1 yrs, 1–2 yrs, 2–4 yrs, 4–6 yrs, 6 < yrs
(S21)
� 3 Levels: Level 3 (20 + hrs training; limited prac-

tical experience), Level 2 (8–10 h training; no or
some practical experience), Level 1 (2–4 h train-
ing; no or limited practical experience) (S01-A)
� 2 Levels: Expert vs. Novice (S01-B, S06, S11);

Experienced vs. Inexperienced (S08, S14, S16)
� No discrete levels (S01-C, S02, S03-A, S03-B, S04,

S05, S07, S09, S10, S03-R1, S04-R1, S04-R2, S04-
R3, S04-R4, S04-R5,S12, S13, S15, S17, S18, S19,
S20)

Method of � Self-assessed (S04, S08, S17, S21)

Fig. 2. Constructs hierarchy based on the research questions.
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4.2.1. Participant demographics
Studies included in our analysis provide varying levels of details

related to participants’ role, experience level, and the type of incen-
tive given to the participants. They also provide details related to
the sample size of the participants. Table 5 provides a classification
of the studies in terms of these demographic categories. We
observed that 24 of the 30 empirical studies recruited undergradu-
ate or graduate students enrolled in a computer science degree
program. Four studies involved a mix of students and professionals
while two studies recruited software professionals.

A majority of the included studies (16 of 24 original studies; all
6 replications) did not specify a discrete experience level for par-
ticipants as researchers explored factors other than the role of
experience level on study outcome. Six studies grouped partici-
pants into two discrete levels of expertise. Only two studies used
more than two levels of expertise.

Study S04-R1 is the only study to offer monetary incentives to
participants based on the participant’s experience level, as rated
by their employers. Credit for an assignment as part of a course
was offered as incentive in 11 studies, considering that majority
of the studies recruited students. Nearly half of the studies did
not explicitly state the incentives given to participants.

We observed that 22 of 30 studies included in our analysis have
50 or fewer participants.
Determining
Expertise

� Test-based (S03)
� Prior-performance based (S13)
� Employer-rating based (S04-R1)

Incentives � Volunteer (S01-A, S04-R2, S04, S05, S07, S13, S17,
S21)
� Assignment Credit (S01-A, S01-C, S02, S04-R4,

S04-R5, S09, S11, S16, S18, S19, S04-R5)
� Monetary (S04-R1)
� Not specified (S01-B, S03-A, S03-B, S03-R1, S04-

R3, S08, S10, S12, S14, S15, S20)
Participant Sample

Size
� < 20 (S01-A, S01-B, S05, S07, S11, S12, S13, S15,

S04-R2, S04-R3, S04-R4)
� 20–50 (S01-C, S02, S03-B, S04, S06, S08, S17, S20,

S03-R1, S04-R1, S04-R5)
� 51–100 (S03-A, S09, S18, S21)
� >100 (S10, S14, S16, S19)
4.2.2. Factors for grouping participants
Studies in our analysis used different factors to divide partici-

pants into groups. The grouping criteria for each study is listed in
Table 6.

Most commonly used criteria for grouping participants, used in
13 studies, is to provide one group of participants pattern-related
information such as classes that participate in a particular design
pattern. The other group is not provided any pattern-related infor-
mation. Another commonly used factor for grouping participants,
used in 9 studies, is to assign pattern vs. non-pattern tasks to dif-
ferent participants. For example, one group of participants is given
a maintenance task on a program version containing design
patterns, and the other group is given the same maintenance task
on a different program version without design patterns. The per-
formance of one group of participants is compared against the



Table 6
Factors used to group participants across studies.

Factors for Grouping
Participants

S01-A S01-B S01-C S02 S03-A S03-B S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21

Experience-based X X X X X X X
Individual vs. pair X
Patterns vs.

non-pattern tasks
X X X X X X X X X

Patterns vs. non-pattern
information

X X X X X X X X X X X X X

Less vs. more information X X X X X

Table 7
Criteria used to group participants where difference in experience is a factor in study
design.

Reference
code

Determination of Expertise

S01-A � Level 1 (2–4 h training; no or limited practical experience)
� Level 2 (8–10 h training; no or some practical experience)
� Level 3 (20 + hrs training; limited practical experience)

S01-B � Novices (undergraduate students, received first training in
simulation environment)
� Experts (simulation consultants, daily working with sim-

ulation environment)
S06 � Low experience (grad students with at most 3 person yrs of

combined experience)
� High experience pairs (professional/grad students with at

least 6 person years of combined experience)
S08 � UML Knowledge (1: knows UML; 2: very good knowledge of

UML)
� Design Patterns Knowledge (1: knows design patterns; 2:

very good knowledge of design patterns)
S11 � Novice (Other member of the pair)

� Expert (1 h of studying requirements and design documents
of program)

S14, S16 � Inexperienced (full-time UG, no formal work experience in
industry)
� Experienced (graduate students, at least 1 yr full-time work

experience in industry)
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other group of participants. To minimize presence of confounding
factors, groups should be balanced in terms of other factors [37],
such as background knowledge and experience, unless experience
is also a factor in the study as is the case in seven studies.

Factors listed in Table 6 are between-subjects factors [38] in
which different groups of participants receive different experimen-
tal treatments. Studies S02, S04 and S11 additionally compared
performance of each participant pre and post-training related to
software patterns. In these studies, pattern-related training is used
as a within-subjects factor [38] in which same participant receives
multiple levels of a treatment. Each participant is given multiple
similar tasks to perform. However, some tasks are given before a
course on design patterns and some afterwards. The performance
of each participant in the later tasks is compared to their perfor-
mance in the earlier tasks, prior to the course or training. To ensure
that any observed improvement in performance is due to the train-
ing and not due to the participant gaining proficiency in perform-
ing the task, learning or practice effect should be countered [37].
One approach is to use counterbalancing by giving tasks in differ-
ent orders to different participants.

Eight studies used multiple factors to group participants, with
two studies (S04, S11) using both a between-subjects and
within-subjects factor. Study S04 grouped participants based on
patterns vs. non-patterns tasks. Additionally, participants per-
formed the tasks before and after training related to patterns.
Twenty studies used factors based on differences in information
(last three factors in Table 6) to group participants. Two studies
(S05, S09) did not divide participants into multiple groups. Study
S05 explored the difficulties faced by novices when using design
patterns. Study S09 reported a case study on how well participants,
using state design pattern in their solution, adhered to the open-
closed design principle.

Seven studies used participants’ experience as a factor in study
design i.e., researchers explored the difference in experience on
task outcome in these studies. For these studies, we looked at
the criteria used to determine different experience categories. As
shown in Table 7, these studies used very different criteria to group
participants as experts or novices based on the relative exposure of
participants to the problem domain and task-related training.

The most pronounced difference between experts and novices
was reported in study S01-B. In S11, difference between expert
and novice was the least with experts having only spent one hour
reading the requirements and design documents of the program
under consideration.

Even where difference in experience is not used as a factor in
the study design, researchers might consider the background and
experience of participants to create balanced groups and to provide
a reference for populations to which the findings may apply. In
three studies (S04, S08, S17), participants were asked to self-assess
their expertise levels, including familiarity with design patterns, by
responding to a questionnaire. The self-assessments measure type
and length of academic or work-related experience, thousand lines
of code (KLOC) written, familiarity with problem domain, and the
participant’s self-perceived personal rating in comparison to other
students or programmers. In these studies, the assessments were
used to create balanced groups of participants. In study S03, a test
assessing the participant’s knowledge of patterns was conducted
prior to the study. In study S13, investigators used the students’
performance in a prior programming course to establish a perfor-
mance baseline. In study S04-R1, employers rated the experience
level of participants. Quantifying the experience level of partici-
pants in a standard manner across multiple studies is difficult in
the absence of a gold standard [39]. In our analysis, the studies
focus on different types of software patterns and problem domains,
which further complicates the issue of identifying standard experi-
ence levels across studies.
4.2.3. Preparatory material
Investigators provide participants with preparatory material

and activities to orient the participants to a task. In Table 8, we cat-
egorize the studies based on the preparatory material given to
study participants. In many cases, software patterns were pre-
sented as part of the preparatory material to baseline participants
with pre-requisite knowledge. Thirteen studies employ a short
course to orient participants to the patterns. Four studies employ
a long course. Studies employed more than one method for docu-
mentation and presenting patterns, and these methods are not
mutually exclusive.

Three studies (S07, S12, S15) use an example from a real world
system, such as an application programming interface (API) or



Table 8
Preparatory material and activities.

Method Reference code Example usage

Short course S03-A, S03-B, S04, S05, S09, S10, S13,
S14, S15, S16, S18, S19, S21

A tutorial session/short workshop to introduce the problem domain and patterns

Long course
(P3 months)

S01-C, S02, S11, S20 An extended lab or semester long course focusing on the concept and use of software patterns

Reference material S05, S06, S11, S12, S13, S15, S17 Paper-based/ online reference material containing information on patterns and pattern application
provided to participants during the study

Pattern-related
documentation

Design (S10); Code (S03, S14); Design: comments about which patterns are used in design. Code: what are the classes that
implement a pattern and what role they play in the pattern, or which member functions map to
components of a pattern

Real world example S07, S12, S15 Provide examples of pattern application in real world systems e.g., Factory pattern or Model-View-
Controller (MVC) pattern implemented in Java APIs

Multiple examples (in
varying context)

S07, S15 In addition to patterns, provide examples of concrete implementation of patterns in the problem
domain in varying contexts

Pattern library S01-A, S06 A computer or paper based pattern library or catalog that provides a list of all patterns related to
domain

Video tutorial S01-A A short video about the working of various patterns
Expert guidance S15 Availability of expert during the conduct of the study to provide onsite guidance
Annotated patterns S18 Additional annotations specifying objectives, applicability, trade-offs and relationships among

patterns when the original patterns either exclude or do not uniformly present such specifications
Practice session S19 A session prior to the conduct of the study to provide a change to practice and ease participants into

the actual experiment
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architecture design, to orient the participants towards patterns. In
study S15, an expert was present throughout the study execution
to guide participants, answer any questions and resolve ambigui-
ties. In study S19, a practice session was conducted prior to the
start of actual study to help the participants understand how the
experiment would be carried out.

Studies differ not only in the type of preparatory material given
to the participants, but also in the timing of delivery and informa-
tion content of the material. We observed four categories of meth-
ods used to deliver the patterns to study participants based on the
timing and content of the material given:

� Shared Introduction. All participants receive the same
preparatory material at the start of the study. This approach is
used in 12 of 24 studies where researchers measure perfor-
mance differences either due to existing differences in partici-
pants’ expertise (e.g., expert vs. novice) or explore the
performance of a homogeneous group of participants (e.g.,
novices) in using software patterns.
� Shared Stimulus. All participants receive the same material

some time during the study execution, after having performed
one or more tasks. This approach is used in 2 out of 24 studies
to measure the impact of training on participants’ performance,
usually in a within-subjects design.
� Varied Introduction. Two groups of participants, wherein one

group receives more detailed preparatory material than the
other group at the start of the study. This approach is used in
6 of 24 studies to measure differences in pattern adoption and
applicability based on the material provided.
� Full Factorial. Participants are sub-divided using all com-

binations of factors (E.g., preparatory material and participant
expertise level) i.e., a full factorial experimental design. This
approach is used in study S04, and its five replications, to mea-
sure the effect of each factor on the outcome.
Table 9
Task categorization (D: Design; I: Implementation; DI: Design and Implementation).

Pattern Task
categorization

S01-A S01-B S01-C S02 S03-A S03-B S04 S05 S06 S07

Selection D D I DI D D
Instantiation D D I DI D D I
Maintenance I I I
4.2.4. Task categorization
In the studies, participants were asked to perform tasks related

to software pattern application. We have identified three different
categories of tasks based on lifecycle emphasis:

� Pattern Selection Task – participants select a relevant pattern
to solve the problem and apply the pattern.
� Pattern Instantiation Task – participants are evaluated on

their ability to apply a selected pattern.
� Pattern Maintenance Task – participants are asked to modify

existing design or code with instantiated patterns, i.e., the
investigators applied one or more patterns beforehand to the
software design or code and presented that as part of the task.
Understanding how patterns are instantiated in an existing sys-
tem can help in identifying how to modify the system.

In terms of task type, some studies require participants to com-
plete design tasks (D), others to implement code (I), and some
require both (DI). Table 9 summarizes our analysis for lifecycle
emphasis and task type. Assignment of studies to task categories
is not mutually exclusive as a few studies examined both selection
and instantiation of patterns.

Eleven studies focus on design tasks only. Twelve studies
involve implementation tasks only. One study focuses on both
design and implementation tasks (S02). Ten of the studies involv-
ing design tasks are carried out during pattern selection and
instantiation. There is no specific lifecycle emphasis for imple-
mentation tasks.
4.2.5. Task details
In addition to lifecycle emphasis and task type, we report the

categorization of included studies in terms of the details of tasks
given to participants in Table 10. The number of tasks given to
S08 S09 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21

I I D D D
I D I I D D D D

D I I I I D



Table 11
Patterns details.

Category Study-wise breakdown

Pattern domain � Object-oriented (S02, S03-A, S03-B, S04, S05, S07, S08, S09, S10, S11, S13, S14, S16, S21)
� Software architecture (S12, S15, S17, S20)
� Software security (S18, S19)
� Ubiquitous computing (S06)
� Collaborative learning (S01-A, S01-C)
� Simulation environment (S01-B)

Patterns; rationale for
selecting patterns

� Ten ThinkLets [40]; Selection based on research, usage and expert opinion (S01-A)
� Building blocks within Arena simulation environment [41]; Selection based on popularity and availability of simulation experts

and vendors (S01-B)
� Patterns for computer-mediated interaction [42]; Selected as part of lab curriculum (S01-C)
� GoF Design Patterns (S02, S03-A, S03-B, S04, S05, S07, S08, S09, S10, S11, S13, S14, S16); Selected as part of course curriculum (S02,

S09); Selection based on four most frequently occurring design patterns [43] (S14, S16); Selected to study properties of a particu-
lar pattern or set of patterns (S04, S07, S08, S09, S10); Used to study the effects of distributed cognition (S21)
� Usability-Supporting Architecture Patterns (USAP); Selected based on the need to support a specific usability concern (S12)
� J2EE Patterns, Architectural design patterns (S15, S17); Selected to support development of mobile applications (S15); Selected

based on ‘most well-known’ architectural patterns (S17); Used to study patterns participants relationships (S20)
� Security patterns; Selected to meet the needs of healthcare security and privacy scenarios (S18)
� Pattern-based method for Secure Development (PbSD); Selected based on problem domain (S19)

Programs, tools and
frameworks used

� A prototype tool to support selection of patterns (S01-A)
� Arena simulation environment (S01-B)
� Collaborative virtual learning environment CURE (S01-C)
� And/Or-tree, Phonebook (S03)
� Stock Ticker, Boolean Formulas Library, Communication Channel Library, Graphics Library (S04)
� Interactive Quiz Environment (S05)
� Eclipse IDE (S07)
� Multiple-user Calendar Manager (S09, S10)
� JHotDraw (S10, S14, S16)
� Hotel Management System (S10)
� ChiCo, Timme (S11)
� J2ME, Agile Architecture Line Model (S15)
� JBoss J2EE application server version 2.2.4 (S17)
� Patient Monitoring System (S18)
� Security Modeling Tool, Oracle VBD (S19)

Table 10
Task details.

Task details S01-A S01-B S01-C S02 S03-A S03-B S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21

Number of Tasks 3 1 1 2 2 2 9 3 2 5 2 1 3 2 1 6 3 2 3 1 5 2 1 1
Task Magnitude Measure
L: lines of code; C: # of

classes; P: # of
packages; M: # of
methods; X: design
complexity;

L L + C L + C L + C C X L L + C + P C + M X L + C + P L + C + P

Task Differences
N: no difference; P:

pattern vs. non-pattern
versions of same tasks;
D: different problem
sets; S: selected by
participants;

N P S S N N P N N P P N D N N N P + D D P + D N N N N N

Termination Criteria
T: time-limited; O:

open-ended;
T T T T T T O O T O O T O O O T T T T T O O T O
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the participants range between one and nine. Task magnitude
measures reflect the measure used to specify the size of the pro-
grams on which tasks were performed. When stated, task magni-
tude measures provide additional details about the task and are
not used to reflect differences in complexity of task between differ-
ent groups. The number of tasks and task magnitude measures are
not synonymous to task complexity in situations where partici-
pants receive multiple, small tasks or if the participants have to
make a straightforward change in a large program.

In terms of task differences, for 14 studies, all participants
received the same set of tasks to perform with variations in other
factors such as the quantity and/or quality of available information,
training or ordering of tasks. Studies S01-C and S02 allowed
participants to select their own tasks as part of a semester-long
project.

In terms of the termination criteria for task, 14 studies use a
time-limited criteria (i.e., requiring participants to complete tasks
within a predefined time), whereas 10 studies use open-ended cri-
teria (i.e., allowing participants to take as much time as needed to
complete the task).

4.2.6. Patterns details
The details related to software patterns include not only the

domain of the patterns (e.g., object-oriented, software security)
but also the exact patterns that were evaluated (e.g., GoF patterns).
Additionally, to understand the context in which patterns are used



Table 12
Constructs and associated measures extracted from included studies.

Constructs Associated measures Example usage of measure in studies

Efficiency in problem solving Time to complete (S01-A, S01-B, S01-C, S03, S04,
S06, S07, S11, S12, S13, S14, S16, S18, S19, S21)

To assess efficiency of experts vs. novices or pattern vs. non-pattern
approaches. Often useful when comparing the times of correct solutions.
Otherwise, need to account for time needed to fix errors

Learning efficiency/Ease of understanding and
performing the task (S01-A, S01-B, S01-C, S03, S06,
S07, S08, S11, S13)

In an experiment with tasks of progressive difficulty levels, look at the
spread of achievement among participants in a given time frame, using the
knowledge of design patterns as the control variable

Pattern selection ratio (S18) The ratio of the number of patterns selected as part of the solution to the
number of patterns considered for selection

Quality of solution Subject matter expert evaluation (S01-A, S01-B,
S01-C, S05, S06, S17)

How do experts evaluate the overall quality of the deliverable using a scale
(e.g., Likert-like or other interval scales)?

As perceived by participants (S19) Perceived quality of the pattern-based solution method by designers
Adherence to design principles (S09) How does a pattern (e.g., State pattern) help in complying with a design

principle (e.g., open-closed principle)?
Atomic design features (S21) Decompose a design into atomic design features e.g., elementary classes and

their relationships/associations

Correctness of solution Useful/working/accurate solution (S01-B, S01-C,
S05, S06, S09, S10, S20)

In a maintenance task involving two functionally equivalent
implementations with and without patterns, how useful is one approach in
comparison to the other in assisting correct maintenance

Number of errors (S03, S04, S10) When performing a maintenance task, assess if use of patterns leads to
fewer errors compared to maintenance task without employing design
patterns; Assess difference in the number of errors made by novices using
patterns vs. more experienced participants not using patterns

Number of failing tests (S14) In maintenance, identify functional problems in deliverable; in refactoring,
ensure functional equivalence

Completeness of solution Requirements fulfillment (S01-B, S03, S06, S07, S09,
S10, S12)

When performing maintenance tasks, how many of the required tasks were
accomplished when using patterns vs. non-pattern approaches

Recall and precision, as compared to a ‘gold
standard’ solution (S19)

Looking at the granularity of access privileges in a database (row, column or
table level) to see which approach provides more fine grained access

Quantity of results (S17) When recovering architectural decisions, how many decisions are recovered
when explicitly considering or not considering patterns

Complexity of application Cognitive load, qualitatively assessed (S01-A, S01-B,
S01-C)

Based on the cognitive load theory, identify the type of load (intrinsic,
extraneous, germane) and see if it is conducive to learning and developing
knowledge schemas

Eye focus, quantitative assessment of focus of
attention during the task (S08)

Use an eye tracker to determine whether participants focused on the
pattern-specific code while performing maintenance task or spent more
time understanding non-pattern code

Cyclomatic complexity, or number of linearly-
independent paths (S15)

Compare cyclomatic complexity of deliverables to identify cases with
complex components. Higher number correlates with higher risk of defects

Ease of understanding the solution, qualitatively
assessed (S20)

On a scale of 1–10, solution created using architectural patterns is more
comprehensible as compared to alternative approach

Usability of patterns Pattern selection (S02, S05, S13, S19) Assess the use of tools with support for pattern selection in helping
participants

Pattern application (S02, S05, S09, S10, S12, S13) Assess the use of multiple examples showing how to instantiate given
patterns to improve patterns applicability

Task satisfaction measure, qualitative assessment
(S21)

Participants’ assessment of satisfaction while performing the task, on an
established 7-point scale [44]

Communicability of pattern
knowledge

Oral communication (S06, S11, S15) How do pairs communicate with and without design patterns knowledge?
Written Documentation (S15, S20) How does patterns knowledge aid in capturing design rationales?

Creativity of solution Subject matter expert evaluation (S06) Human computer interaction experts assess the creative aspects of a
deliverable

Modularity of solution Coupling (S02) Computed based on the deliverables in a programming task
Cohesion (S02)
Weighted Methods per Class (S02)
Architecture decomposition (S20) Assessment of how effectively the software architecture can be decompose

into components/sub-components to assign responsibilities

Size of solution Lines of Code (S02) Compare pattern vs. non-pattern to see which solution has a larger size.
Pattern-based solutions are mostly found to be larger in size as they
introduce class hierarchies and abstract classes or interfaces

Number of Classes (S02)
Number of Operations (S02)
Number of Attributes (S02)

2 http://www.jhotdraw.org/.
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in a study, it is important to document the rationale for selecting par-
ticular patterns and the tools or frameworks within which the pat-
terns were applied. We list the details related to the software
patterns evaluated in the included studies in Table 11. Not all studies
specified the exact patterns that were studied, which can limit the
applicability of the study findings and preclude future replications.

Fourteen of the 24 included studies (and all six replication stud-
ies) evaluate the use of object-oriented design patterns, specifically
the GoF patterns. Four studies evaluate software architectural pat-
terns, with two of these studies looking at J2EE patterns. No other
patterns are explored in multiple studies. No particular tool or
framework is used across multiple studies except for JHotDraw2

http://www.jhotdraw.org/
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application employed in three studies, all conducted by the same
group of researchers.

4.3. RQ3: constructs and measures

RQ3. What constructs and associated measures have been used to
evaluate the application of software patterns?
This research question directs us to identify and categorize the
commonly used constructs and measures. Categorizing commonly
used measures makes it more likely that same measures would be
used for the same construct in similar situations, supporting com-
parison and synthesis of findings. We have categorized the
included studies in terms of 10 different constructs with 31 associ-
ated measures based on the evaluation criteria used to assess the
outcome, as given in Table 12. The examples given in the last col-
umn are pulled from different studies and illustrate the use of a
particular measure. Studies in our analysis often used multiple
measures, 3–4 different measures on average. In Fig. 3, we sum-
marize how frequently each of the 10 constructs is used in the
21 papers reporting original studies.

Efficiency is the most commonly used construct, followed by
correctness and completeness, measured in 9 studies each.
Usability of patterns is explored in eight studies.
Table 13
Categorization of measures with frequency of use (bold-highlight indicate self-reported m

Fig. 3. Frequencies of constructs used in the primary studies.
In our analysis, the measures used for different constructs
include both quantitative measures (e.g., time to complete a task)
and qualitative measures (e.g., subject matter expert evaluation).
Also, the measures are used to evaluate both the final artifact pro-
duced as an outcome of the study and the process involved in pro-
ducing the artifacts. In Table 13, we provide a categorization of the
measures in terms of whether (a) measure is qualitative or
quantitative and (b) measure evaluates the artifact or the process
to produce the artifact. The measure ‘Eye focus’ can be considered
as a hybrid measure, both quantitative and qualitative, because the
tool results in a point of eye focus, but the investigator maps the
point to a feature, which is a subjective interpretation. We also
report how frequently each measure is used in the included studies
in Table 13. Measures for ‘efficiency’ and ‘usability’ are most com-
monly used to evaluate the problem solving process. While mea-
sures for ‘completeness’, ‘correctness’ and ‘quality’ are most
commonly used to evaluate the final artifact. The most frequently
used quantitative measure, used in 15 studies, is the ‘time to com-
plete a task’ whereas ‘learning efficiency’ is the most prevalent
qualitative measure, used in 9 studies, when evaluating software
patterns for efficiency in problem solving.

Intuitively we would expect that studies involving human par-
ticipants would have most of the measures related to the problem
solving process itself. However in our analysis, almost two-thirds
(21 of 31) of the measures are related to the final artifact as the
artifact is a reflection of how well the participants are able to use
the patterns in problem solving. Although we have fewer measures
(10 of 31) to evaluate the problem solving process itself, these
measures are used repeatedly across studies. The two most fre-
quently used measures, ‘time to complete’ a task and ‘learning effi-
ciency’ both measure the process, indicating that researchers of the
studies are often interested in evaluating how software patterns
support the problem solving process. We found an equal number
measures that are quantitative and qualitative.

Three qualitative measures are self-reported by the participants
and are inherently subject to personal opinion of the participant.
However, for the remaining 13 qualitative measures that are com-
puted by the researchers, we assessed if the researchers of the
studies used approaches to reduce subjectivity and potential
biases, such as measuring inter-rater agreement [45] or using dou-
ble-blinding. In Table 14, we report the studies that employed
easures).



Table 14
Approaches to minimize subjectivity when using qualitative measures.

Criteria Measure Approaches to Reduce Subjectivity

Quality � Subject matter expert
evaluation

� S01-A: evaluated by two researchers based on a quality checklist, report inter-rater reliability based on Pearson
correlation
� S01-B: evaluated by multiple experts and problem owners
� S01-C: no details provided
� S05: evaluated by researchers, no information given
� S06: use of multiple evaluators (1 HCI TA, 2 ubicomp researchers); evaluators blind to treatments (patterns vs.

non-patterns)
� S17: use of 2 professionals as evaluators; 5 point scale; based on a checklist of parameters; double-blinding (deci-

sions in outcome not grouped, evaluators not aware of which decisions go together, which decision belong to
which participant or existence of treatments); test hypothesis for individual evaluators and average of evaluators

� Adherence to design
principles

� S09: measure adherence to open-closed principle when applying the state design pattern against a pre-imple-
mented model solution

� Atomic design
features

� S21: create an expected standard for design solution to evaluate the responses; two independent evaluators and
check for inter-rater consistency; raters blind to treatment

Correctness � Useful/Working
Solution

� S01-B: evaluated by multiple experts and problem owners
� S01-C: participants voted to decided best solutions
� S05: use of solution oracle to assess correct selection and expected design, no details on how the solution oracle

was created
� S06: use of multiple evaluators (1 HCI TA, 2 ubicomp researchers); evaluators blind to treatments (patterns vs.

non-patterns)
� S09: no details provided
� S10: no details provided

Creativity � Subject matter expert
evaluation

� S06: use of multiple evaluators (3 HCI graduate students); evaluators blind to treatments (patterns vs. non-pat-
terns); evaluators shown outcomes to be evaluated in different order

Complexity � Cognitive load � S01: no details provided
� Eye focus � S08: Use of eye tracker with maximum available resolution and fastest data rate for head-mounted eye trackers;

cross-verified eye-tracker data with video recordings of eye movements; discarded data for one participant due to
decalibration of eye-tracker

� Ease of understanding
the solution

� S20: evaluated by three experts with shared understanding of the measure; use of t-test to check for similarity in
mean assessment and variance of each evaluator

Communicability � Oral communication � S06: video tape - no info given on subjectivity
� S11: transcribe the communication between participants in a pair and code the transcription in terms of pre-de-

fined codes (coding done by one researcher only)
� S15: no details provided

� Written
documentation

� S15: participants captured rationale behind the design decisions so that it is easy for others to understand (no
inter-rater agreement given)

Usability � Pattern selection � S02: reported by participants
� S05: evaluated by researchers, no details provided
� S13: compare the maximum difficulty level of task completed by participants when tasks were of progressing

difficulty
� S19: compared against a ‘gold standard’

� Pattern application � S02: reported by participants
� S05: evaluated by researchers, no details provided
� S09: no details provided
� S10: no details provided
� S12: create an oracle of all possible responsibilities that can be considered by taking a union of responsibilities

considered in the participants’ responses
� S13: compare the maximum difficulty level of task completed by participants when tasks were of progressing

difficulty

Modularity � Architecture
decomposition

� S20: evaluated by three experts with shared understanding of the measure; use of t-test to check for similarity in
mean assessment and variance of each evaluator
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approaches to reduce subjective assessment of qualitative
measures.

Based on Table 14, two common approaches to reduce subjec-
tive assessment are the use of multiple evaluators to evaluate each
outcome, and the use of a solution oracle or checklists to compare
the outcomes against. However, inter-rater agreement was
reported in only two of the ten cases that involved multiple raters.
The mechanism to compose the solution oracle or checklists was
also often unclear, documented in only one of the five cases.
Studies did not discuss the issue of minimizing subjective assess-
ment 9 out of 33 times.

4.4. RQ4: threats to validity of included studies

RQ4. What threats to validity related to the study design and
execution have been considered by the researchers?
This research question directs us to identify and categorize the
threats to validity that have been considered and mitigated at vari-
ous steps by the researchers. Threats to validity of empirical
evaluation can be mitigated by case study or experiment design.
In situations where designs cannot mitigate threats, those threats
must be reported as potential limitations. Twenty-one (21) studies
discuss one or more of the four general types of threats to validity
that will be discussed in the following subsections and categorized
in Table 15. We have used the established categories for types of
threats to validity as listed by Wohlin et al. [33] whenever
applicable.

While there can be additional, unidentified threats to validity
not considered or addressed by the authors, we are primarily syn-
thesizing and reporting the threats that are explicitly considered.
Identifying a relatively complete list of threats to validity of
included studies is beyond the scope of this mapping study.



Table 15
Threats to validity of included studies.

Validity type Threat type Example of considerations for a given threat type

Internal validity Selection (S03, S04, S09, S10, S04-R1, S11, S17, S18, S19,
S20, S21)

Are there variations in expertise of the selected participants? Are the
participants or participant groups appropriately balanced by expertise, if
assumed to test the hypothesis?

Mortality, or participant attrition (S03, S04, S14, S04-R3) Do participants exiting the experiment before completion cause the groups to
become imbalanced, which leads to missing data points?

Testing and training (S19) Have the participants received adequate training using quality preparatory
material that can lead to observable differences in using pattern vs. non-pattern
approaches?

Diffusion or imitation of treatments (S08, S09, S10, S14,
S16, S17, S18, S04-R2, S04-R4)

How to minimize undesired information flow among participants? If tasks are
given in a different order, or if participants are divided in control and treatment
groups, they should not interact with each other and exchange information
during the experiment

Resentful demoralization (S03, S04-R1, S16) Are slower participants feeling time pressure, whether due to an approaching
deadline or because other participants are leaving the experiment early?

Instrumentation (S04, S04-R1, S04-R2, S04-R3, S04-R5, S08,
S16)

Are measurements of time spent on each task precise and accurate? If a special
technology is used, such as an eye tracker to measure focus, is the technology
correctly calibrated and are the measurements reliable?

Maturation, or learning and fatigue effects (S07, S08, S11,
S14, S04-R4)

If the tasks are presented in a specific order, does changing the order lead to
different findings?

Interactions with selection (S04-R1, S21) If a specific language is used, such as C++, Java or Python, does this affect the
results significantly if all other factors are controlled among the selected
participants?

Presence of un-identified patterns (S14, S16, S17) Are intended patterns the only patterns present in the task, or are there other,
un-identified patterns that may impact measurements?

Compensatory equalization of treatments (S14, S16, S18,
S04-R5)

If the experimental exercise covers multiple, functionally equivalent program
versions, such as one version with patterns and another without patterns, how is
functional equivalence ensured?

Construct validity Mono-operation bias (S08, S17) Are the programs selected from a variety of problem domains to minimize any
bias introduced due to familiarity of certain participants with specific domains,
skewing the results in favor of some participants?

Mono-method bias (S08, S17) Are multiple types of measures or observations used to avoid measurement bias
and misleading results?

Hypothesis guessing (S04-R5, S08, S19) Can the participants anticipate the expected results, which may cause the
findings to better or worse reflect the expected findings?

Evaluation apprehension (S04-R1, S04-R4, S08, S16) Are participants exposed to experimental apprehensions or stressors, such as
lack of motivation, fear of poor performance, or another liability, that hinders
their potential to perform normally?

Observable measures used (S04-R4, S04-R5, S17, S21) Are multiple comparable measures used to evaluate a particular criteria, such as
code quality, such that results across different measures can be crosschecked?

External validity Representativeness of training and preparatory material
(S02, S04-R5, S18)

Is the instructor’s teaching style sufficiently generic to communicate knowledge
and course content in a manner similar to other instructors?

Representativeness of sample population (S02, S03, S04,
S04-R2, S08, S09, S11, S16, S17, S18, S19, S20)

How closely do study participants represent the target population to whom
inferences will be made?

Uncontrolled task selection (S02) When study participants choose their own tasks, such as when students select a
semester-long project, are all these self-selected tasks comparable and findings
generalizable in terms of problem domain, complexity and outputs?

Experimental constraints that limit realism (S03, S04, S04-
R1, S11, S17, S19, S20, S21)

How closely does the experiment setup represent real-world situations? For
example, are participants asked to work alone in the study, when the real world
setting permits or requires teamwork? Are participants required to manually
perform a task, whereas a real world setting employs automated techniques or
tools?

Generalizability to larger and more complex tasks and
programs (S03, S04, S04-R1, S04-R2, S07, S10, S11, S14, S16,
S18, S19)

Do the findings from a focused, controlled task generalize to larger, more
complex tasks? Do the findings from small, relatively simple programs
generalize to larger, more complex programs?

Program and task representativeness (S03, S04, S07, S08,
S09, S10, S14, S18)

Are the programs and tasks given as part of the experiment representative of
real-world programs? For example, if maintenance tasks are given, are these
tasks representative of the range of possible maintenance task types (e.g.,
adaptive, perfective, corrective)?

Pattern representativeness (S04, S10, S14) Are the patterns used in the experimental setup representative of other
patterns?

Tool and language representativeness (S04-R1, S14, S16) If a specific programming language or platform is used, can the findings be
generalized to other languages and platforms?

Conclusion validity Random irrelevancies in experimental setting (S04-R5, S08) Are there any problems in experimental settings (e.g., surrounding noise) that
can introduce error and interfere with the findings?

Insufficient number of participants or data points (S03, S08,
S14)

Have a sufficient number of participants and data points been collected to draw
reliable conclusions? Otherwise the power of the experiment will be lowered.

Low statistical power (S09, S14) What is the probability of not accepting the alternative hypothesis when it is
true?

Reliability of measures (S03, S04-R5, S16, S17, S19, S20) Are the quality assessments realistic? Can objectivity be increased, such as by
using multiple independent raters, acceptance tests, comparing only correct
solutions, or accounting for time needed to fix errors?

Violated assumptions of statistical tests (S17, S20) Is appropriate type of analysis carried out based on the type of scale so that
correct statistical inferences could be drawn?
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Table 15 should not be considered as a complete list of all the
potential threats to validity of the included studies.
4.4.1. Internal validity of included studies
Internal validity is the degree to which an investigator can cor-

rectly draw causal inferences from empirical data. Issues related to
experimental procedures, treatments, and participant experiences
may threaten internal validity [34].

The two most commonly reported threats to internal validity,
discussed in 11 and 9 studies respectively, are: selection bias due
to variation in expertise among participants and treatment diffu-
sion. Selection bias due to variation in expertise is mitigated by
employing counter-balancing or random block assignment.
Counter-balancing reduces the effect that a specific factor (e.g.,
expertise, tasks) may have on a group’s measures. For instance,
study S03 employs counter-balancing to distribute demographic
factors across the treatment and control groups. Study S04 uses
random blocked assignment to explicitly balance the groups in
terms of background and expertise. Additionally, in S04, investiga-
tors computed that only 7.5% of the variation in results could be
attributed to differences in participants’ expertise level, further
demonstrating that this particular threat was minimal and poten-
tially mitigated by the counter measure (random block assign-
ment). In both studies, expertise level of each participant was
assessed prior to the study and factored in while assigning partici-
pants to each group.

Other commonly considered threats to internal validity include
whether treatments have been equalized across groups (4 studies),
learning or fatigue effects when performing multiple tasks in a
sequence (5 studies), and potential errors in instrumentation such
as accuracy in measurement of time (7 studies).
4.4.2. Construct validity of included studies
Construct validity is the degree to which the experiment is

measuring what it is purported to measure [34]. The use of
ambiguous definitions that lead to multiple, even conflicting, inter-
pretations of the experimental construct is a threat to construct
validity.

Evaluation apprehension, a human tendency to try to look bet-
ter or fear of being evaluated, is the most commonly identified
threat to construct validity as reported in four studies.
Participants may experience apprehensions during the experiment,
such as fear of poor performance. These apprehensions can hinder
participants’ potential to perform to the best of their abilities
whether they are based on actual or perceived liabilities associated
with participation in the experiment. Measuring performance of
participants in the presence of such unintended apprehensions
can lead to an inaccurate assessment of participants’ abilities,
which can threaten construct validity. Blinding can minimize
biases and apprehensions on part of the experimenter and partici-
pants [46], leading to increased validity of the findings. In study
S08, double blinding was used in which participants were not
informed about the goal of the study and a level of indirection
was used so that results could not be traced back to any specific
participant.

An important consideration is to choose valid measures for each
construct, as considered in four studies. Quantitative constructs,
such as code size, are easier to measure, whereas qualitative con-
structs, such as quality and efficiency, are prone to variable inter-
pretations and require the investigator to provide an explicit
account of the assumptions that link the measures to the construct.
In qualitative case study research, strategies to mitigate threats to
construct validity include using multiple sources of evidence,
establishing chains of evidence and using key informants to review
the study findings [37].
Hypothesis guessing is another commonly considered threat to
construct validity (3 studies). If participants can anticipate the
expected results, their performance can be biased in favor or
against the hypothesis, threatening construct validity.
4.4.3. External validity of included studies
External validity is the degree to which the results are general-

izable to other people, situations or past, present and future events
[34].

Two commonly identified threats to external validity, reported
in 12 and 11 studies respectively, are representativeness of sample
population and task generalizability. Generalizability of results is
limited in the absence of explicit theories of software construction
and maintenance. Generalizability is further constrained by the
considerable variations among patterns.

In 4 of the 30 studies, the research questions explicitly focus
on teaching design skills to students, which is the participant
population of interest. For the remaining studies, the research
questions of these studies (as listed in Section 4.1) and the nat-
ure of tasks given to the participants (e.g., development tasks,
maintenance tasks, tasks related to software architecture) indi-
cate that the sample would ideally be drawn from a population
of professional software engineers of varying experience and
expertise to improve the representativeness of sample pop-
ulation. Although students may be used instead of professionals
under certain circumstances [47], further research by empirical
software engineering community can guide how well results
from students can be generalized to professional software
engineers.

Representative of the program and tasks (8 studies) given
as part of the study and experimental constraints that limit
realism in general (8 studies) threaten external validity of
the findings. Representativeness of training materials used (3
studies), patterns studied (3 studies), and tools and languages
(3 studies) are also considered as threat to external validity.
In many cases, these threats cannot be directly addressed as
experimental setting is often a scaled-down version of real-
world problems in a controlled environment. However, creat-
ing a repository of standard problem sets can help minimize
potential biases.
4.4.4. Conclusion validity of included studies
Conclusion validity is the degree to which investigators draw

statistically accurate conclusions from the data, for instance by
having sufficient statistical power and by satisfying all statistical
assumptions [34]. The power of an experiment represents the
probability of rejecting a null hypothesis when it is false during
statistical analysis of the results [48].

Reliability of measures (such as subjective assessment of out-
come) was the most commonly identified threat to conclusion
validity, as reported in six of the studies. Another issue that threat-
ens conclusion validity is the need to have a sufficient number of
participants and data points from which to draw reliable and sta-
tistically significant conclusions. Moreover, appropriate type of
analysis must be carried out based on the type of measurement
scale used so that correct statistical inferences can be drawn.
Using incorrect type of analysis can threaten conclusion validity,
as discussed in S17.

Low statistical power (2 studies) or violation of underlying
statistical assumptions (2 studies) during analysis can invali-
date the conclusions drawn as part of the study. Random
irrelevancies (2 studies), such as noise or stressful environ-
ment, can also interfere with performance and limit validity
of the findings.



Table 17
Factors conducive for replication.

Factors conducive for replication S03-
R1

S04-
R1

S04-
R2

S04-
R3

S04-
R4

S04-
R5

Availability of a replication package X
Detailed reporting of original study X X X X X X
One or more of the original researchers

involved in replication
X X

Joint replication effort X X X X
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4.5. RQ5: replicated studies

RQ5. How do replicated studies of software pattern application
compare to original studies in term of study design?

This research question directs us to classify the replication stud-
ies and identify factors that may be conducive to replication. Two
studies included in our analysis, S03 and S04, have been replicated
one and five times respectively. We are interested in identifying
how similar the replications are to the original studies in terms
of study design. We classify the replication studies according the
definitions established in the literature (see Section 2.3) as shown
in Table 16. All the replications are differentiated replications.
Three replications only involve a subset of tasks as compared to
the original study. In one case, the replication study examines
additional factors than the ones explored in the original study. In
all other cases, replication studies explore the same factors.

In general, replication studies consider the same constructs as
the original study however they may use an alternate or additional
measure. For instance, S04-R4 defined its own scale for correctness
for one of the experiments in the study but used the same scale for
the replicated experiment. Of the six replication studies, only S04-
R4 considered an additional factor in that participants were famil-
iarized with the graphical design of the software before carrying
out the tasks. Findings of the replication of S03 are consistent with
the original study that pattern documentation in code is useful in
increasing the efficiency during maintenance activities. However,
findings of replications of S04 differ from the original study and
are inconclusive in establishing the usefulness of various design
patterns.

Both the studies that are replicated have a quality score of 3
(Appendix B), indicating that the researchers have provided a
detailed report of the original study. Of the 24 original studies, only
5 others have a score of 3 based on our quality assessment. We list
factors that might be conducive for replication, as identified from
the original and replication studies, in Table 17. Availability of
either a replication package, including study materials, or involve-
ment of one or more of the original researchers may also support
the replication effort.

Four replications of S04 (S04-R2 to S04-R5) are carried out as
part of a joint replication effort. S04-R2 involves one of the original
Table 16
Classification of replication studies.

Ref. code Classification Details

S03-R1 Differentiated
Replication

� Difference in empirical setting: S03-R
based. Additional variations are re
mentation used in the replication s
set of researchers than those involv
� Difference in participants’ demograp

experiment involved both undergra
S04-R1 Differentiated

Replication
� Difference in empirical setting: The

(tasks were carried out on a compu
panies; participants were provided
� Difference in participants’ demograph

ported in the original study wherea
S04-R2, S04-R3,

S04-R5
Differentiated (Partial)
Replications

� Subset of tasks and factors: The repli
out the effect of training) when com
� Difference in empirical setting: Tasks

gramming language whereas replic
� Difference in participants’ demograph

dents whereas participants in the o
S04-R4 Differentiated

Replication
� Additional factors studied: S04-R4 in

which may have impacted the outc
� Difference in empirical setting: Tasks

gramming language whereas replic
� Difference in participants’ demograph

pants in the original study are prof
researchers who loosely collaborate with the rest of the research-
ers (S04-R3 to S04-R5). The purpose of a joint replication is to col-
lect sufficient data points for joint evaluation and analysis. All the
four replications are carried out using a replication web portal to
conduct the experiment and collect results however a joint evalua-
tion of the results has not been reported yet.
5. Discussion

We want to promote empirical evaluation of software patterns.
Ability to replicate the studies and synthesize different outcomes is
an important aspect of empiricism. For this, we need to understand
and account for the variations in the context variables. Based on
our analysis, we have identified considerations that can support
replication and comparison of findings across studies as discussed
in the following subsections.
5.1. Identification of suitable participants

In terms of participants’ demographics, students often provide a
sample of convenience for empirical software engineering
research, as observed in our analysis as well. However, students
may be a suitable demographics based on the study goals. For
instance, eight studies explicitly relate to the theme of training
using patterns as listed in Table 4. Novices, such as students or
software professionals new to the problem domain, form a suitable
demographic in these studies. Graduate students often have a fair
amount of industry experience and can be representative of junior
software practitioners. For instance in S09, participants had an
1 is a web-based activity whereas the original experiments (S03) were paper-
lated to participants’ demographics and structuring of pattern-specific docu-
tudy. S03-R1 is also an independent replication as it is performed by a different
ed in the original study

hics: Participants in replicated experiment are undergraduates whereas original
duate and graduate participants

setting of the replication study was closer to a real programming environment
ter instead of paper; participants were selected from multiple consultancy com-
monetary compensation for participation) as compared to the original study S04
ics: Participants in both studies are professionals. However, expertise is self-re-
s it is based on employer’s rating in the replication
cations involve only a subset of tasks and consider a subset of factors (dropping
pared to the original study S04
were carried out on a computer instead of paper. Original study uses C++ pro-

ated studies use C++, Java or C#
ics: Participants in replicated experiments are graduate and undergraduate stu-
riginal study are professionals
troduces an additional factor (availability of graphical design of the programs)
ome
were carried out on a computer instead of paper. Original study uses C++ pro-

ated studies use C++, Java or C#
ics: Participants in replicated experiments are graduate students whereas partici-
essionals
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average industry experience of five years. In other cases, students
may be substituted for professionals depending on the nature of
the task. Host et al. [47] found only minor differences between stu-
dents and professionals in carrying out various software engineer-
ing tasks requiring ‘‘general understanding of dependencies and
relationships’’, such as project impact assessment. Students may
be used in similar tasks in place of professionals. Carver et al.
[49] have provided a checklist to consider when selecting students
as study participants. They also highlight requirements related to
ethics, validity, and generalizability of the study in accordance
with the overall study goals when using students as participants.
Additional studies comparing students and professionals under
various empirical settings can be conducted to understand simi-
larities and differences among students and professionals.

Some studies require participants from multiple demographics.
For instance, S01 compares novices vs. experienced users in prob-
lem solving using patterns. In such cases, both demographic groups
should be distinguishable and clear criteria for rating participants
to determine expertise level should be established, as discussed
in next section. Even when grouping of participants is not carried
out based on experience level, we still need to rate participants
on experience level to create balanced groups and to assess
applicability of the findings [50].

Students may be a suitable demographics based on study goals,
nature of tasks, and work experience of students. For instance, if the
study focuses on using software patterns in education and training,
students provide a good sample. Variations among students in
terms of work experience, knowledge of patterns, and knowledge
of problem domain should also be factored in so that applicability
and generalizability of the findings could be established.

5.2. Determination of expertise

Software patterns are principally aimed at improving perfor-
mance in the construction of software. The primary studies
included in our mapping study sought to attribute an effect of
change in programming, design or communication based on pat-
tern use (see Fig. 2). To measure this effect, however, the investiga-
tors must measure expertise to establish a baseline for
participants, as we have observed (see Table 7). Investigators
should also control for participant expertise to determine what
effect the pattern use contributes to the quality of the result as
either independent or in conjunction with experience level.
However, the reliance on experts without a standard mechanism
to measure expertise limits the comparability of results: ‘expert’
in one study might be considered at a ‘medium’ or ‘novice’ level
in another study. Differences between experts and non-experts,
in terms of practical experience and familiarity with the problem
domain, might also be more pronounced in some cases than others.
For example, experts in S14 were graduate students with at least
one year of work experience whereas experts in S01-B were
individuals who work on similar tasks as given in the experiment
on a daily basis (simulation consultants). In both cases, non-
experts were undergraduate students with minimal work experi-
ence and lack of familiarity with problem domain.

Whereas self-reporting number of years in a field is easier to
measure by subtracting employment start and end dates, other fac-
tors such as KLOC written and self-report ranking is subject to
skewed estimation and individual bias. Expertise can be decom-
posed into skills that can be separately measured using skill test
batteries for cognitive load, working memory, and reading compre-
hension, among others, to more precisely attribute the effect to
participant skill levels across the sampled population [39]. The
‘Joint Replication Project’ underscores the significance of providing
context to assess the similarity among participants and findings
across multiple experiments [30].
In addition, several studies employed experts to evaluate the
extent to which an artifact exhibits quality, correctness and cre-
ativity. However, to lend credibility to the evaluation, we again
need to establish what makes these evaluators experts in the given
problem domain [51].

Establishing a standard measure for experience level and exper-
tise of participants across studies can help in identifying the
demographics to which the findings are applicable. However,
experience is difficult to establish and is based on multiple factors
including participants background as well as familiarity with the
given problem domain, set of patterns, and set of tasks. As a start,
studies should report all of the above factors in detail.

5.3. Standard problem sets

Throughout our mapping study, we observed that different
studies employed different protocols for delivering problems for
participants to work on. The choice of problem sets begins with
training materials, where participants first learn about patterns
through tutorials, workshops, and courses (see Table 8). In addi-
tion, investigators employ other problem sets to evaluate the par-
ticipant’s performance by asking him or her to apply patterns to
those problems (see Table 11). However, we noticed that no par-
ticular tool or framework is used in more than one study except
for JHotDraw application employed in three studies, all conducted
by same group of researchers. Essentially, researchers used differ-
ent problem sets, tools and frameworks to perform the given task,
which limits the synthesis of findings across the studies.

Sim et al. [52] observe that benchmarks facilitate technological
progress and community building within a research area.
Researchers in a number of computer science fields, such as image
processing, network traffic monitoring, and recently social network
analysis, routinely use standard problem sets to compare and con-
trast the performance of different algorithms and solution method-
ologies. In software engineering Heckman et al. [53] have
established a benchmark for evaluating static analysis alert
prioritization and classification techniques. Software patterns
research can also benefit from such standardization. In study S14,
researchers investigated how participants performed on a mainte-
nance task using two functionally equivalent program versions, an
original program version without design patterns and a refactored
program version with design patterns. The underlying assumption
was that participants working on refactored version will use the
patterns to carry out the maintenance task. However, based on a
follow up analysis in study S16, the researchers identified that
there may be pattern-unaware solutions in the refactored program
version and the maintenance task could be carried out without
modifying the patterns. Using standard problem sets can further
help in understanding such confounding context variables that
may exist within a program. Standard problem sets could be pub-
lished with accompanying training materials, such as textual for-
mats and example presentations of the patterns to be given to
participants.

Researchers use different problem sets, tools and frameworks to
perform a given task, which limits the synthesis of findings across
the studies. To support comparative evaluation, investigators
should develop a standard set of problems and training materials
for the patterns of interest. Availability of a package containing
problem sets, instructions, and training material used in a study,
is found conducive for replication.

5.4. Usage of preparatory material

As evidenced by the studies we reviewed, material used to pre-
pare participants for the task could range from textual, instruc-
tional (or in-class, interactive lecture plans) and pre-recorded
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video formats. Subtle differences in the duration and kind of train-
ing may impact performance [54]. For instance, in study S12, the
group with the least detailed material provided a third of the func-
tionality compared to the group with most detailed material con-
taining concrete task-specific examples in the material text and
design.

Due to the qualitative nature of preparatory material, there is
ample opportunity to introduce bias or preference towards a treat-
ment condition. If an investigator is comparing pattern vs. non-
pattern approaches, for example in S03, removing details from
preparatory material for one approach can skew the results in favor
of the other approach. Establishing the equivalence of information
content across different sets of preparatory material, to avoid
information gain or loss in one set over another, is essential when
constructing multiple sets of preparatory material conveying same
basic information. If difference in training is not a factor in study
design, use of standardized training materials can lessen the
impact of training on the observed effect in the study.

Finally, because participants can neglect preparatory material
that was provided, either by skipping or skimming this material,
investigators should measure participant comprehension of such
materials to understand their effect on the study outcome.

Subtle differences in the duration and kind of training may
impact performance. Establishing equivalence of different sets of
preparatory material is important if difference in training is not a
factor in study design. Moreover, when evaluating the effect of dif-
ferent training material on study outcomes, the provision of train-
ing material should be followed by a comprehension test to see if
training had any effect on knowledge acquisition.

5.5. Study themes and evaluation constructs

Researchers have investigates various themes related to the use
of software patterns and evaluated different constructs to deter-
mine the effect of pattern use on desirable outcomes. Based on
the classification used earlier (see Table 4), we have identified
how frequently each construct is used to evaluate the outcome
for each theme in Fig. 4. When evaluating the use of software pat-
terns in maintenance, most frequently used constructs are effi-
ciency, correctness and completeness respectively. These are also
Fig. 4. Frequencies of constructs used in
the most commonly used constructs for evaluation in general
(see Fig. 3). Usability, in terms of identifying applicable patterns
and correctly instantiating patterns in the context of the problem,
is also used frequently as an evaluation criteria for studies related
to the themes of software construction and performance. As one
would expect, communicability during problem solving is the most
commonly used construct for studies belonging to the theme of
communication. Only time when efficiency is not one of the most
frequently used criteria is while evaluating the use of software pat-
terns during software construction.

Based on our analysis, time to complete a task can serve as a
suitable measure for efficiency. However, when time is self-re-
ported by participants, the measurement might not be as reliable.
If incomplete or erroneous solutions are present, we also need to
account for time needed to complete the task or to correct the
errors. Measures for efficiency, completeness and correctness can
be used in conjunction to have a realistic assessment of partici-
pants’ performance. ‘Learning efficiency’, as self-reported by par-
ticipants is also used to measure efficiency. Although self-
reported qualitative measures may not be reliable, they can pro-
vide useful insights into the problem solving process and can be
used to generate hypotheses for further evaluation. In a number
of studies, researchers used qualitative measures such as quality,
communicability or usability as evaluated by subject matter
experts. When using qualitative measures, minimizing subjectivity
is an important consideration. Researchers should consider using
multiple evaluators and report inter-rater agreement between
evaluators. When oracles, checklists or ‘gold standards’ are used
to evaluate the outcome, researchers should describe mechanisms
used to create these artifacts to lend validity to the findings of the
study [37].

Often a construct that is being explored in the study is not well
aligned with the measurement taken. For instance, studies S01 (A,
B, C) assessed whether pattern use improves domain knowledge
and design skills, whereas the variables measured primarily con-
cern efficiency (time to complete, and ease of performing the task)
and not knowledge acquisition. Because design skill is highly sub-
jective and there are no established metrics, this is a reasonably
difficult construct to measure and convenient proxy variables are
easily mistaken for the construct. Such constructs may be
the primary studies for each theme.
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qualitatively evaluated by subject matter experts. Research is
ongoing to understand the impact of software patterns on various
quality attributes [24]. In general, software engineering investiga-
tors needs to conduct more fundamental research on which mea-
sures correspond to which independent and dependent variables
and under what conditions those measures are both reliable and
valid.

Measures for efficiency, completeness and correctness can be
used in conjunction to have a realistic assessment of participants’
performance. Self-reported qualitative measures may not be reli-
able but can provide useful insights into the problem solving pro-
cess. For constructs that are difficult to measure and have no
established metrics, such as design quality, multiple subject matter
experts may be employed to evaluate the outcome, preferably
using pre-specified quality checklists and reporting inter-rater
agreement.
6. Threats to validity of our mapping study

We now discuss the threats to validity of our mapping study.
Selection of search terms and digital libraries: Selection of

search terms and digital libraries can preclude some relevant stud-
ies from appearing in our search results. We searched four digital
libraries and two journals that tend to cover high quality pub-
lications in software engineering. We have also looked at the refer-
ences of 57 papers, shortlisted after exclusion based on title and
abstracts, to identify additional studies that we might have missed
during primary search. However, studies published in proceedings
not indexed by the four digital libraries may not appear in our
analysis.

Selection of studies: We are interested in empirical evaluation
of software pattern application involving human participants. Our
selection criteria would exclude studies that consider a software
artifact in isolation or focus on structural or quality aspect of pat-
terns without involving pattern application. We would also
exclude surveys where participants provide their opinion about
software patterns without using them in problem solving in an
empirical setting. Our findings should be considered applicable
only in the context of the selected studies. We have also defined
a criteria for quality assessment of included studies based on the
aims and research questions of our study. We did not exclude
any study based on the quality assessment results however the
quality of included studies is fairly uniform.

Reliability of data extraction and categorization: We
extracted and categorized data from the included studies to
answer our research questions. We have identified each category
by carrying out a constant comparison of instances of data across
all studies in accordance with grounded analysis practices. We
report all identified categories without omission in our analysis.
The extraction and categorization process was carried out by the
first author, a graduate student with over five years of work experi-
ence in software engineering and design patterns. The first two co-
authors provided input to resolve ambiguities during the process.
In this respect, the extraction and categorization process is par-
tially validated.
7. Conclusion

In this paper, we have reported the results of our systematic
mapping study documenting and analyzing the current state of
empirical research on the use of software patterns in problem solv-
ing. While analyzing structural aspects of patterns in isolation can
provide insights into the inherent properties of a pattern, use of
patterns during problem solving involves additional context fac-
tors such as participants, problems, domains and time constraints.
A pattern that has good quality attributes may not be useful during
problem solving if not instantiated properly in the context of the
problem being solved [55]. Characterization of existing empirical
research, evaluating the use of software patterns by human partici-
pants, is a first step towards understanding the dynamics of pat-
tern application in problem solving.

We selected 30 primary studies that evaluate design patterns,
software architecture patterns and security patterns, among
others. Five of the included studies report case studies while the
remaining are experiments. We classified the primary studies in
terms of their research questions, empirical design context factors,
measures, and threats to validity. Despite the availability of guide-
lines for conducting empirical studies in software engineering [46],
we found gaps in adherence to the guidelines. For instance, when
using qualitative measures, no detail on minimizing biases and
subjectivity in assessment is provided 27% of the time. Moreover,
9 of the primary studies do not discuss any threats to validity of
the study design and execution. However, the quality score for
studies published in recent years is consistently high indicating
that the researchers are providing more details in terms of study
design and execution.

We found that while evaluating the problem solving process,
measures such as ‘time to complete a task’ and ‘learning efficiency’
are consistently used across studies. This might indicate that
empirical evaluation of software patterns is converging towards a
set of standard measures to evaluate how software patterns sup-
port problem solving process. However we did not identify mea-
sures that are consistently used to evaluate the final artifact itself
even though majority of the measures are related to the artifact.
Since we are only considering studies involving human partici-
pants, studies evaluating the final artifact that do not involve
human participants are not included in our analysis. An analysis
of such studies might lead to identification of commonly used
measures for evaluating the final artifact. Different problem
domains, patterns and tasks might account for the use of different
measures for evaluating the final artifact as well. Two-thirds of the
primary studies have explicitly considered threats to validity of
study design. While internal and external validity is frequently
assessed, researchers are increasingly considering construct valid-
ity as well as validity of the conclusions drawn as a result of the
study.

We identified that subtle differences in study design can signifi-
cantly limit comparison of experimental results across studies. For
instance, despite the common use of participant categories as
either novices or experts, we found that we could not compare
these categories among different studies. Each study uses a differ-
ent criteria to measure expertise based on the problem domain and
relative training in solving the given problem since expertise is not
independent of the pattern and problem domains in such experi-
ments. Observations based on experience level of participants,
without establishing a standard definition for experience level,
can be difficult to generalize. These issues can affect the ability
to compare results across studies, which sample from different
demographics. As software engineering continues to borrow case
study and experimental design practices from other disciplines,
such as sociology and psychology, more work is needed to adapt
these methods to software engineering and streamline practices
to the point that quantitative comparisons can be made. In addi-
tion, establishing baselines in terms of the experience level of par-
ticipants, the problem sets participants work on, and the measures
used to evaluate participants’ performance can support replication
and comparison of findings across studies.

The results of our mapping study highlight the current state of
empirical research on software pattern application in terms of
design, measurements and use in problem solving. Based on our
mapping study, we have identified commonly employed empirical
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protocols, the level of details in reporting various context factors,
and commonly used measures. Future researchers can leverage
this information when designing studies while considering various
threats to validity as reported herein. By using common measures
and protocols, researchers can design new studies, replicate exist-
ing studies and be able to compare the findings. However, we
observed that a number of context factors limit comparability of
the findings. We have discussed these aspects in the context of
our mapping study. Further evaluation of software patterns in
empirical settings is needed to explore and address these issues
Appendix A. List of selected studies

Reference
code

Study reference

S01 (A, B, C) G. Kolfschoten, S. Lukosch, A. Verbraeck, and E. Valen
patterns in teaching,’’ Computers and Education, vol. 5

S02 A. Chatzigeorgiou, N. Tsantalis, and I. Deligiannis, ‘‘An
patterns,’’ Computers and Education, vol. 51, pp. 1007

S03 (A, B) L. Prechelt, B. Unger-Lamprecht, M. Philippsen, and W
of design pattern documentation in program mainten

S03-R1 M. Torchiano, ‘‘Documenting pattern use in java prog
(ICSM’02), Montreal, Canada, 2002, pp. 230–233

S04 L. Prechelt, B. Unger, W. F. Tichy, P. Brossler, and L. G
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Appendix A (continued)

Reference
code

Study reference

S15 T. Ihme and P. Abrahamsson, ‘‘The use of architectural patterns in the agile software development of mobile
applications,’’ in International Conference on Agility (ICAM’05), Helsinki, Finland, 2005

S16 T. H. Ng, Y. T. Yu, S. C. Cheung, and W. K. Chan, ‘‘Human and program factors affecting the maintenance of programs
with deployed design patterns,’’ Information and Software Technology, vol. 54, pp. 99–118, 2012

S17 U. v. Heesch, P. Avgeriou, U. Zdun, and N. Harrison, ‘‘The supportive effect of patterns in architecture decision
recovery—A controlled experiment,’’ Science of Computer Programming, vol. 77, pp. 551–576, 2012

S18 K. Yskout, R. Scandariato, and W. Joosen, ‘‘Does organizing security patterns focus architectural choices?,’’ in
International Conference on Software Engineering (ICSE ‘12), 2012

S19 J. Abramova, A. Sturma, and P. Shovala, ‘‘Evaluation of the Pattern-based method for Secure Development (PbSD): A
controlled experiment,’’ Information and Software Technology, vol. 54, pp. 1029–1043, 2012

S20 A. W. Kamal, P. Avgeriou, and U. Zdun, ‘‘The use of pattern participants relationships for integrating patterns: a
controlled experiment,’’ Software - Practice and Experience, vol. 43, pp. 807–833, 2013

S21 G. Mangalaraj, S. Nerur, R. Mahapatra, and K. H. Price, ‘‘Distributed cognition in software design: An experimental
investigation of the role of design patterns and collaboration,’’ Management Information Systems Quarterly, vol. 38, pp.
249–274, 2014

Appendix B. Quality appraisal of included studies

Categories: R = Research questions/Hypothesis specified; S = Sample described; P = Patterns details provided; F = Findings reported;
L = Limitations/Threats to validity discussed; Quality Assessment Score: 0 = Not at all; 1 = Somewhat; 2 = Mostly; 3 = Fully;

Reference code Publication venue Year # of pages Quality assessment score

R S P F L Average (0–3)

S01 (A, B, C) Computers and Education, Journal 2010 9 3 3 3 3 1 2.6
S02 Computers and Education, Journal 2008 10 2 2 3 3 3 2.6
S03 (A, B) IEEE Transactions on Software Engineering, Journal 2002 10 3 3 3 3 3 3
S03-R1 International Conference on Software Maintenance 2002 4 3 2 3 1 0 1.8
S04 IEEE Transactions on Software Engineering, Journal 2001 11 3 3 3 3 3 3
S04-R1 Empirical Software Engineering, Journal 2004 48 3 3 3 3 3 3
S04-R2 Int’l Workshop on Replication in Empirical Software

Engineering Research (RESER)
2011 6 3 3 3 2 3 2.8

S04-R3 RESER 2011 8 3 1 3 3 3 2.6
S04-R4 RESER 2011 10 3 3 3 3 3 3
S04-R5 RESER 2011 10 3 3 3 3 3 3
S05 International Conference on Computational Science &

Applications
2007 7 2 2 3 3 0 2

S06 Conference on Designing Interactive Systems 2004 10 3 3 3 3 1 2.6
S07 International Conference on Software Engineering (ICSE) 2007 10 2 3 3 3 3 2.8
S08 Empirical Software Engineering and Measurement 2009 10 3 3 3 3 3 3
S09 International Workshop on Software Quality 2006 6 3 3 3 3 3 3
S10 ICSE 2007 10 3 2 3 3 3 2.8
S11 International Workshop on Empirical Studies of Software

Maintenance
2000 5 3 3 3 2 3 2.8

S12 ICSE 2005 10 2 3 3 3 1 2.4
S13 Australasian Conference on Computing Education 2004 6 2 1 2 2 1 1.6
S14 International Symposium on Foundations of Software

Engineering
2006 11 3 2 3 3 3 2.8

S15 International Conference on Agility 2005 9 3 2 3 3 1 2.4
S16 Information and Software Technology, Journal 2012 29 3 2 3 3 3 2.8
S17 Science of Computer Programming, Journal 2012 26 3 3 3 3 3 3
S18 ICSE 2012 11 3 3 3 3 3 3
S19 Information and Software Technology, Journal 2012 15 2 2 3 3 3 2.6
S20 Software – Practice and Experience 2013 27 3 2 3 3 3 2.8
S21 Management Information Systems Quarterly 2014 32 3 3 3 3 3 3
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Appendix C. Research questions and hypotheses of included studies

Reference Code Research Questions and Hypotheses of Included Studies (RQs that are inferred are in italics)

S01 (A, B, C) � Ha1: Novices will faster gain understanding in problem solving and design skills, when they learn to design
with the design patterns approach first, before they learn to understand entire systems
� Ha2: Experienced (domain experts or more experienced designers) will not experience a learning effect from

the use of design patterns, but might find them useful in other ways
� R1: Training novices with the use of design patterns will increase the quality of the schemas they build to

represent a system
S02 � R1: During pattern selection, to what extent are students able to identify applicable design patterns?

� R2: During pattern application, to what extent are students able to comprehend and instantiate design patterns?
S03 (A, B); S03-R1 � R1: Does it help the maintainer if the design patterns in the program code are documented explicitly (using

source code comments) compared to a well-commented program without explicit reference to design
patterns?
� H11: By adding pattern comment lines (PCL), pattern-relevant maintenance tasks are completed faster
� H12: By adding PCL, fewer errors are committed in pattern-relevant maintenance tasks

S04; S04-R1
through S04-R5

� H01: Design pattern P does not improve the performance of subjects doing a maintenance
� exercise X on program A (containing P) when compared to subjects doing the same exercise X on an alterna-

tive program A’ (not containing P)
� R1: Do design patterns improve the understandability of software designs? [S04-R4]

S05 � R1: What are the problems associated with pattern usage among novices?
S06 � R2: Are patterns useful for introducing designers to ubicomp?

� R3: Are patterns useful for communicating between designers? For example, do designers adopt the pattern
language vocabulary as they talk about a design?
� R4: Are patterns useful for creating designs?
� R5: Are patterns useful for creating higher-quality designs?

S07 � R1: How does the Factory pattern compare to using constructors in API design?
S08 � H11: A class diagram with the Visitor reduces the subjects’ efforts during program comprehension when com-

pared to one without it
� H12: A class diagram using the canonical representation of the Visitor reduces the subjects’ efforts during pro-

gram comprehension when compared to one using the Visitor and another layout
� H21: A class diagram with the Visitor reduces the subjects’ efforts during program modification when com-

pared to a class diagram without it
� H22: A class diagram using the canonical representation of the Visitor reduces the subjects’ efforts during pro-

gram modification when compared to one using the Visitor and another layout
S09 � H01: When the theme of patterns is not satisfied, there is at least 20% of chance where the Open-Closed prin-

ciple is followed
� H02: When the theme of patterns is satisfied, there is at least 20% of chance where the Open-Closed principle is

violated
S10 � R1: What proportion of maintainers utilize the relevant design patterns in completing the required anticipated

change?
� R2: Do maintainers have a higher tendency to perform one task over another?
� R3: Comparing the codes delivered by maintainers who utilize the relevant design patterns in completing the

required anticipated change to those delivered by maintainers who do not utilize patterns, are they equally
faulty?

S11 � H11: If team members have common design pattern knowledge and vocabulary, they can communicate more
effectively than without

S12 � R1: Do the Usability-Supporting Architecture Patterns (USAP) help in considering relevant responsibilities and
usability concerns during architectural design?

S13 � R1: How do patterns help in learning to program?
S14 � R1: Would refactoring a program using design patterns (in)conclusively supersede the effect of work experi-

ence to guide maintainers to complete a maintenance task, or vice versa?
S15 � R1: How to select and present patterns in the training material so as to motivate and facilitate their use by the

project team?
� R2: How can patterns help the team to create new software effectively, while simultaneously maintaining the

quality of the developed software at a high level?
� R3: How can patterns help the team to develop useful and effective software architectures?
� R4: Are the Mobile-D approach with its agile values and the Agile Architecture Line Model suitable to be used

with patterns?
� R5: How can patterns be used as a documentation aid to preserve vital design information that helps to main-

tain and evolve the developed product after the project?
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Appendix C (continued)

Reference Code Research Questions and Hypotheses of Included Studies (RQs that are inferred are in italics)

S16 � R1: What human and program factors may contribute to the productivity (in terms of time spent) of maintain-
ers in making correct software changes when they work on programs with deployed design patterns (Factors:
Deployment of design patterns; Presence of pattern-unaware solutions; Prior exposure to design patterns;
Prior exposure to the program; Prior exposure to the programming language; Prior work experience)?

S17 � H11: The quality of recovered decisions is higher when the recovery focuses on identifying patterns in the
architecture, compared to ad-hoc, intuitive recovery
� H12: The quantity of recovered decisions is higher when the recovery focuses on identifying patterns in the

architecture, compared to ad-hoc, intuitive recovery
S18 � R1: Does Organizing Security Patterns Focus Architectural Choices?
S19 � R1: How does the use of security patterns affect the quality of resulting database access control specifications when

compared to coding the access control specifications directly?
S20 � H00: The use of pattern participants relationships does not help software architects to more accurately com-

bine architectural patterns within software architectures as compared with integrating architectural patterns
without using such relationships
� H01: The integration of architectural patterns using pattern participants relationships does not result in a more

comprehensible software architecture as compared with integrating patterns without the use of such
relationships
� H02: The use of pattern participants relationships does not help software architects to better document archi-

tectural design decisions as compared with documenting design decisions without using such relationships
� H03: The use of pattern participants relationships does not help software architects to more effectively parti-

tion a software architecture into components and sub-components, and assign responsibilities as compared
with partitioning a software architecture without the use of such relationships

S21 � H1: Quality of the design solution will be higher when design patterns are used during software design
� H2: Time taken to complete a design task will be shorter when design patterns are used
� H3: Solution quality of a collaborating pair will be higher than that of the second-best member of a nominal

pair in a software design task
� H4a: Time taken by collaborating pairs to complete a software design task will be longer than that of the best

member of a nominal pair
� H4b: Time taken by collaborating pairs to complete a software design task will be longer than that of the sec-

ond-best member of a nominal pair
� H5a: When design patterns are available, the performance gap in solution quality between the second best

member of a nominal pair and the best member of the nominal pair and the pair will be reduced in contrast
to when design patterns are not used
� H5b: Solution quality of the second-best member of a nominal pair with design patterns will be higher than

that of the collaborating pair without design patterns in a software design task
� H5c: Task completion time of the second-best member of a nominal pair with design patterns will be lower

than that of the collaborating pairs without design patterns in a software design task
� H6: Task satisfaction will be higher when design patterns are used in a software design task
� H7: The average level of task satisfaction among collaborating pairs will be higher when compared with the

average level of task satisfaction of nominal pairs
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