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ABSTRACT

Expertise is the consistently superior performance on a set of
tasks in some area of human activity. Software engineering
expertise is difficult to define, and characterize empirically. In
this paper, we present and evaluate three candidate criteria for
assessing software engineering expertise. These three criteria are:
experience; characteristics common to experts across fields; and
software-specific proficiencies. We conducted an initial empirical
study to evaluate these three definitions. In a laboratory
experiment, we asked novice and expert subjects to complete a
number of software engineering tasks on a web application. We
found that all three criteria should be used to provide a full
categorization of an individual’s level of expertise. Experience is
a useful first filter, but cannot be used as the only criterion.
Domain-independent characteristics are most useful for assessing
the quality of the criteria for labeling an individual as novice or
expert. Software-specific proficiencies appear to be the most
promising, but assessments for various skills, technologies, and
problem domains will need to be developed separately.

Categories and Subject Descriptors

D.2 [Software Engineering]: Miscellaneous. K.6.1[Project and
People Management]: Staffing, Systems analysis and design,
Systems development

General Terms
Measurement, Design, Economics, Experimentation, Human
Factors.

Keywords

Expertise, empirical study, problem solving, novice, expert

1. INTRODUCTION
“Candidates must have 3+ years software development
experience on both UNIX and Windows. Strong technical
skills covering the design and implementation of cross
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platform distributed systems are a must. Strong Java/
J2EE/ JSP development experience is required. Strong
verbal and written communication skills are required.
Knowledge of security models, JSP, JSF, JBoss, Weblogic,
WebSphere and relational databases is desired BS in
Computer Science or Computer Engineering or the
equivalent experience is desired”. — Excerpt from job
advertisement 24639 for a senior software engineer on
monster.com

In industry, companies are constantly searching for highly
qualified personnel because they are critical to the success of a
software project. It is a challenge to find someone with the right
experience, skills, and background who is also compatible with
the existing team. On routine projects, a proficient software
engineer helps things go smoothly. On innovative projects, an
expert can be the difference between success and failure. As F. P.
Brooks pointed out, “The differences are not minor...the very
best designers produce structures that are faster, smaller, simpler,
cleaner, and produced with less effort” [6].

We can learn a great deal by studying expert software engineers.
Through them, we can access many years of experience, thereby
improving our understanding of software engineering itself. Being
able to characterize, and even quantify, expertise is beneficial for
human resource management, software engineering education,
and even empirical evaluation of software tools and methods. This
knowledge can be used in human resources to more effectively
recruit and select team members. By identifying differences
between novices and experts, we can teach students strategies and
approaches so they can solve problems in the same manner as
experts. Finally, it can be used empirical evaluations of tools and
methods as a base for developing metrics to measure performance
of software engineers. In other words, a software technology can
be considered helpful if it assists a user to work more proficiently,
that is, to behave more like an expert software engineer.

In research, expert software engineers are equally hard to find.
Setting aside the practical problem of enticing them to participate
in an empirical study, a fundamental problem is defining software
engineering expertise. While we can consult software engineers
for evaluations of their peers, we also need independent
confirmation through an empirical test.

In this paper, we report on initial work to establish a definition
and empirical test for software engineering expertise. Beginning
with a review of the literature on expertise in program
comprehension and psychology, we identified three candidate
definitions of expertise: years of work experience; cognitive



characteristics of experts; and software-specific proficiencies.
Subsequently, we conducted a pilot study to assess the three
definitions.

We found that all three criteria are necessary to provide a full
characterization of an individual’s expertise. The number of years
of experience provides an easy first test, but there is a great deal
of variability among individuals who have been working the same
amount of time. Cognitive criteria are most useful for evaluating
the a definition of expertise, because they provided us with a list
of behaviors to expect from experts. The software-specific
proficiencies provide the clearest characterization of a software
engineer’s expertise. However, the drawback of this criterion is
that specific tests must be developed for each skill, technology, or
problem domain of interest.

This paper is organized as follows. Section 2 reviews different
definitions of expertise used in the literature. Our three candidate
criteria for expertise and their associated empirical tests are
presented in Section 3. In Section 4, we describe the pilot study
that we conducted to evaluate the candidate criteria. We present
and discuss our findings in Section 5. We conclude the paper by
with a preview of Future Work in Section 6 and a Summary in
Section 7.

2. PRIOR RESEARCH

There have been many studies that compare the performance of
novice vs. expert programmers in software development tasks. A
large number of these focus specifically on programming and
have produced results on mental model of programs and program

comprehension strategies. Results from these studies pertain to
how programs are remembered, characteristics of mental models,
or how schema are acquired. For instance, experts tend to
remember the semantics (or abstract representation) of a program,
while novices tend to remember functions or syntax (or concrete
representation) [2, 29].

Studies of programming expertise share a number of
methodological characteristics, such as the size of programs used,
the tasks used in the experiment, and selection of subjects [2, 11,
29-31]. The programs used in the experiments had about 100 lines
of code (LOC), and sometimes as few as 10-12 LOC [31].
Subjects were asked to study the programs for a few minutes and
then asked about what they remembered. Finally, the novices and
experts in the experiments were specifically focused on
programming. Novices were undergraduate students who had
recently completed an introductory programming course. Experts
were more senior students (sophomores or graduates) or teachers
of an introductory course. The criteria for expertise used in these
studies are given in Table 1.

In contrast, our research seeks to study software engineering
expertise as an activity encompassing more than programming
and requiring many years to become an expert. More specifically,
we are interested in problem solving on a large scale, like the kind
required on large software projects. Our goal is to acquire a better
understanding of software engineering by studying expert
practitioners and their work.

There is a smaller body of work that approaches software
engineering expertise in the manner that we propose. These

Study Novices

Experts

Adelson, 1984 [2]

Undergraduates with an introductory course

Teaching fellows from same introductory course

Davies, 1994 [11]

Undergraduates with one course in Pascal

Teachers of Pascal or professional programmers

Widenbeck, 1991 [29] Sophomores with an average

programming courses

of 34

Graduate students and working programmers with
average of 10.5 courses in programming

Wiedenbeck, Fix, and

Undergraduates with an introductory course

Professional programmers with 2-13 years experience

Scholtz, 1993 [30] in Pascal (avg 7)
Wong, Cheung, and Chen, | Undergraduates with one course in BASIC Students with two years experience and one course in
1998 [31] BASIC
Table 1: Criteria Used in Studies of Programming Expertise

Study Novices Experts
Adelson and Soloway, At least 8 years commercial experience
1988 [3]
Ahmed and Wallace, 2003 | Trainees with a few months of experience | Authorities with decades of experience (at least 10 years
[4] (most less than one year) and some with more than 30 years)

Berlin, 1993 [5]

Graduate students or professional researchers

Researchers ~ with  approximately 10 years of
programming experience

Campbell, Brown, and
DiBello, 1992 [8]

At least 5 years of professional experience and
considered to be experts by peers

Koenemann and
Robertson, 1991 [18]

Knowledge of >3 programming languages;
4-15 years of programming experience
Worked with large programs regularly
Had formal education in CS or EE

Riecken, Koenemann-
Belliveau, and Robertson,
1991 [23]

> 10 years experience programming

> 6 years experience with C

Active in software engineering, systems research and
development

Table 2: Criteria Used in Studies of Software Engineering Expertise




involve a wider range of software engineering activities, involve
subjects with more experience, and include more qualitative
methods. The activities studied include specification [26], design
[3, 4], documentation [23], and maintenance [5, 18]. The experts
in these studies have 5, 10, and even 30 years of industry
experience, often on large projects. While some of these studies
were laboratory experiments [3, 18, 23, 26], others were field
studies that followed software engineers over time [4, 5, 8], using
interviews or recordings of their interactions. The criteria for
expertise used in these studies are given in Table 2.

3. WHO IS AN EXPERT?

An expert is someone who consistently performs at a high level in
a specific field of human activity [27]. This skill is often
accompanied by a track record of accomplishments and
consequently the achievements cannot be attributed to luck.

While the definition is easy enough to understand, it’s more
difficult to operationalize, that is, to devise a test or measure to
separate novices from experts.

We found three different bases for identifying experts: 1) amount
of work experience; 2) cognitive characteristics of experts; and 3)
software-specific proficiency.

3.1 Expertise = Time?

Job advertisements, such as the one at the start of this paper,
typically use number of years of experience as an indicator of
expertise. Using time as an indicator is also done in cognitive
psychology, which tends to view expertise as a dichotomy and a
frequently-used test is the amount of time spent perfecting the
craft. Figures of merit include 10 000-20 000 hours of practice
and preparation (chess and physics) [19, 25] and 10+ years of
training or education (sports, science, medicine) [12]. The
technical term for this preparation time is deliberate practice.

The strongest proponents of using deliberate practice to define
expertise are Ericsson and Charness [12]. They argue that practice
is the sole factor in achieving expertise and that talent, or innate
ability, does not play a role in the level of performance achieved.
Innate characteristics affect only an individual’s ability to
organize their time to put in the requisite hours of practice.

Translating deliberate practice to software engineering is less than
straightforward. Practice is clear in endeavors where there is an
obvious performance. In music, the performance is the concert
and practice is scales, rehearsals, lessons, etc. In sports, the track
event is the performance, and practice is training, conditioning,
drills, etc. In software engineering, we don’t have practice
sessions where developers refine basic skills, receive guidance
from a teacher, or rehearse part of their job. In a sense, software
engineers are performing all the time. They don’t really have the
opportunity to receive feedback, nor do they undertake activities
specifically to hone their skill.

If we set aside this subtlety and permit the substitution of
performance for practice, how many years of work experience is
required to attain 10 000 hours of deliberate practice? A lower
limit is five years (40 hours per week x 50 weeks per year).
However, this calculation excludes the overhead activities
involved in working. Consequently, it may 10 or more years to
become an expert software engineer. Still, the five-year

breakpoint is useful because job advertisements for senior
software engineers typically request a minimum of five years of
work experience.

3.2 Cognitive Characteristics of Experts
Another way of defining an expert is by identifying
characteristics that they have in common when performing,
working, or problem solving. Glaser and Chi [14] and Tan [27]
surveyed the psychology literature and identified seven domain-
independent characteristics of experts. These characteristics can
serve as a prescriptive behavioral definition, that is, individuals
exhibiting these characteristics should be classified as experts.

i) Experts have an extensive knowledge base associated
with a specific domain.
Estimates of the size of this knowledge base range from 50 000
chess patterns to 20 000 “things” (concepts, equations, and
techniques) in kinematics [19]. This knowledge base is acquired
over the years of deliberate practice. This knowledge base is
strongly tied to a particular domain, so it is difficult to transfer the
knowledge from one domain to another [8, 22]. Indeed, Curtis,
Krasner, and Iscoe [10] observed that this was one of the causes
of breakdowns when designing large software systems.

ii) Experts are fast, much faster than novices, and they
quickly solve problems with little error.
During hours of practice, experts have had many opportunities to
rehearse and repeat behavior until they are subconscious,
automatic routines. Examples of this automaticity are an
instinctive knowledge of how to use software tools [5] and
translation of telegraphic identifiers in source code to meaningful
keywords [18]. In addition to this speed with basic skills, experts
explore fewer options overall, and are adept at avoiding dead ends
[5, 15].

iii) Experts perceive large meaningful patterns in their
domain.
Details that are missed by novices are frequently noticed by
experts, and this information often serves as a trigger to plans of
action or large networks of knowledge [15, 18, 29]. For instance,
seeing a SELECT statement inside C++ code immediately tells
the expert that ESQL (Embedded Structured Query Language) is
being used to interface with a database. This observation leads to
an activation of the plans associated with using ESQL,
expectations regarding beacons or landmarks in the source code,
strategies for debugging, etc.

iv) Experts have superior recall because they organize
their short-term and long-term memory more efficiently.
While an expert may appear to have a larger memory, this
superior performance is more accurately attributed to chunking
and hierarchical organization. Chunking is the process of
grouping together meaning information into a single unit, so that
it takes up less “space” in memory. These chunks are organized
hierarchically that the essential features of a problem can be used
to recall the information precisely and efficiently. This aspect of
expert performance has been studied more extensively than the
others, and programming is no exception [11, 20, 29, 30].

V) Experts see and represent a problem at a deeper (more
principled or abstract) level than novices; novices tend to
represent a problem at a superficial level.



In other words, novices tend to get bogged down in the surface
details of a problem (e.g. programming language syntax), whereas
an expert understands the underlying structure of the problem
(e.g. semantics or design pattern). Experts’ representations of
problems rely more on principles and metaphors rather than literal
features [3, 24].

vi) Experts spend a great deal of time analyzing a
problem qualitatively.
When faced with a problem, an expert is initially concerned with
defining the problem. In both physics and engineering design, the
first step is create a sketch of the problem which is used to create
a conceptual model [9, 19]. Only when the problem has been
scoped, does the expert begin searching for solutions. From there,
understanding of the problem and creation of the solution proceed
together [3, 16, 26].

vii) Experts have strong self-monitoring skills.

They are more aware of when they make errors, why these errors
occur, and when a solution needs to be verified. They can also
more accurately predict which problems will be difficult. Results
of studies suggest that this self-awareness comes from a deep
understanding of the problem to be solved and experience.
Ericsson and Charness, on the other hand, argue that a degree of
self-awareness is necessary to create experts, so that time spent in
deliberate practice can be used effectively [12]. In programming,
this comes into play when experts are giving explanations [5] or
adding comments to code [23].

These seven characteristics set experts apart from novices in
domains with close-ended problems. However, there are a few
occasions or problem types where novices surpass experts. One
example is problems that are ill-formed or involve uncertainty.
These problems do not necessarily have a single correct answer
and there is either insufficient information or too much
information to constrain the solution. Expert judgment has been
studied in domains such as selecting medical students and
predicting securities prices, and it was found that novices made
better choices than experts and used more information in their
decisions [17]. In engineering design, it was found that experts
generated fewer options or hypotheses and were more reluctant to
abandon them in face of difficulty than novices [9].

These cognitive characteristics can be used as a behavioral
definition of expertise. Anyone displaying them can be classified
as an expert. This is particularly useful in domains, such as ours,
where other objective criteria are yet to be established and ground
truth is not yet known. In our study, we will be using these
cognitive characteristics to test our other definitions.

3.3 Software-Specific Proficiencies

A third way of defining a software engineering expert is in terms
of what such a person ought to be able to do. In other words, what
kind of skills should he or she have and to what degree? What
kinds of problems should he or she be able to solve? One
implication of this type of definition is that it treats expertise as a
continuum, that is, as a series of milestones that mark different
levels of expertise. This approach is typical of developmental
psychology, where children and adults are studied to characterize
changes over time [8]. In developmental sequences, it is not
possible to skip stages, although it is possible to enter the next
stage prior to completing the previous one. There are two types of

developmental sequences: issue-based and proficiency-based.
Issue-based developmental sequences characterize expertise in
terms of problems that learners have at a particular stage. For
example, understanding the Model-View-Controller architectural
style and how to use the style is a milestone in learning object-
oriented programming. A proficiency-based developmental
sequence is defined in terms of skill or understanding. An
example of a skill is building a graphical user interface using a
toolkit. A novice would follow examples or recipes for building
windows, while an expert would be able to build novel interfaces
quickly and easily.

This developmental definition of expertise is much more nuanced
than the first two. Expertise is defined in terms of a domain, and a
person can be an expert in one domain, but a novice in another.
The definition is attractive here, because software engineering is
such a complex activity. There are a number of ways of
partitioning the problem space into domains. The Software
Engineering Body of Knowledge (SWEBOK) lists ten knowledge
areas ranging from requirements to testing to tools and methods
[1]. Each of these knowledge areas can serve as a sub-domain.
Campbell, Brown, and DiBello suggest a slightly different
partitioning: programming knowledge (e.g. languages, data
structures), technology (e.g. tools, frameworks, libraries), and
application domain (e.g. banking, aerospace) [8]. While this
characterization identifies three orthogonal areas, it seems
incomplete. For instance, there is not an obvious place for
software engineering conceptual knowledge nor skills for team
work.

This definition of expertise can be operationalized as the ability to
solve a task. This can be a single complex task designed that
requires a range of skills. Or it can be a sequence of small tasks at
varying levels of difficulty or requiring different amounts of
domain knowledge. In our experiment, we selected a task that is
solvable by experts, but too difficult for novices. It requires
knowledge of a number of different software technologies, an
understanding web application architecture, the ability to use
software tools, and communication and documentation skills. This
is not a small list of requirements, but it is typical of modest
software engineering problems. Consequently, it will serve
adequately as an empirical test for a proficiency-based definition
of expertise.

4. EMPIRICAL STUDY

We conducted a pilot study to perform an initial evaluation of the
three criteria for expertise. We used number of years of
experience to initially categorize a subject as novice or expert.
We subsequently analyzed their behavior using the domain-
independent characteristics. Finally, their performance was
evaluated in terms of software-specific knowledge and skills.

In our experiment, we used a software engineering task with three
components: information seeking when comprehending software,
communication skills and strategies, and code change. We asked
subjects to add a new feature to an existing web-based survey
management application. Two subjects, A and B, are required for
each session. The first subject studied a web application and
completed a form describing how to make a prescribed change to
the application. Subject A then passed on this information to the
second subject. Finally, Subject B implemented the changes. In
total, there were six sessions, consisting of the different pairings



of experts and novices. Two out of the six pairs were asked to
think aloud to provide us with additional insight into their
behavior [13].

This division of tasks not only allows us to examine a number of
software engineering skills, it also mimics situations where
research is separated from detailed work. Examples of such
situations are outsourcing a set of maintenance tasks to another
organization, a senior developer assigning a task to a software
immigrant, and preparing a Change Request Proposal (CRP) for
an architectural Change Control Board (CCB). The CRP provides
the CCB a better understanding of the proposed change, its
importance, and its impact.

4.1 Procedure

Each session comprised three tasks: Task A, Handover and Task
B and took a total of 210 minutes. The time line of a session is
depicted in Figure 1. The first subject was required to complete
Task A and the Handover. The second subject was required to
complete the Handover and Task B. During each session, a
subject’s activities were recorded by a web camera, a microphone,
and screen capture software. Scratch paper was provided to the
participants and was collected at the end of the study. Eclipse IDE
containing a project set up for the task and TextPad software were
also prepared for subjects.

0:30]  1:00] 1:30]  2:00
Task A Handove!

Figure 1: Time Line of Study Procedure

Subject A
Subject B

Task A. This task was performed by Subject A individually. The
subject was given a scenario where a customer requested a feature
in the company’s survey management application. He or she was
asked to complete a CRP describing how to make the change.
This CRP will be described further in the next subsection. The
subject was also asked to not make any modification to the
application. The subject was given up to 90 minutes to complete
this task.

Handover. In this task, Subject A verbally and physically handed
over to Subject B the information gathered in the first task. Once
the Task A finished, Subject B was introduced to Subject A for an
explanation of the application to be changed and how to make the
changes. The Handover task began with Subject A giving an
explanation without any interruptions. Once the explanation was
completed, Subject B was allowed to ask questions. The subjects
were given 30 minutes to perform this task.

Task B. Following the Handover, Subject B was left with the
CRP and Subject A’s notes. Subject B had to work individually
and make the modification in 90 minutes.

For all three tasks, subjects were allowed to use any information
and resources available on the Internet. They were given
documentation about the application and task description, but
there were no application developer notes.

Some accommodations were provided to subjects in case they
were unfamiliar with web application development and the
available tools. Subjects were also given a short description of
typical architecture of web applications, and instructions on
running and compiling the application. In addition, each subject

was asked every 30 minutes whether he or she had any problems
performing the task.

4.2 Subjects

A total of twelve subjects (six novices and six experts)
participated in the study. In this study, we defined novices as
senior undergraduates or recent graduates who had been working
for less than one year as software engineers. Experts were
expected to have at least five years of work experience as
software engineers.

The novices had an average age of 24.3 (s.d.=4.6) and the experts
34.2 (s.d.=3.6). We had 3 female subjects and all of them were
experts. All subjects considered themselves fluent in English.

All the novices had majored or were majoring in computer
science at the time of the study. Two of the experts had
undergraduate degrees in computer science and the remainder had
Master’s degrees (two in computer science, one in electrical
engineering, and one in economics). Both novices and experts
knew about the same number of programming languages (5.5 and
5.8 respectively), although the experts had more difficulty
enumerating them, suggesting a ceiling effect in terms of recall.
Subjects were asked using multiple choice questions about the
amount of experience they had in six different domains. All of the
experts, except for the one with a background in electrical
engineering, indicated at least three to five years of experience in
at least one domain. Some reported similar amounts of experience
in as many as three domains and up to 10 years of experience
was reported by others. In contrast, none of the novices reported
more than 1-3 years of experience in any domain.

Six sessions were conducted with different pairings: expert-
novice, expert-expert, novice-expert, and novice-novice, pairs.
The novice-expert and expert-novice pairs were conducted twice.
The diversity in the pairings afforded a means of investigating the
interactions between subjects with different, or same, levels of
expertise.

Task A
Novice Expert
. Novice N6-N5 E1-N1
~ E2-N2*
& Expert N3-E3 E7-E8
N4-E4*

* indicates think-aloud was used

Figure 2: Novice-Expert Subject Pairings by Task

4.3 Software and Change Request

The application used in this study is an open-source web-based
survey management tool called VTSurvey, developed at Virginia
Tech. It is a typical three-tier web application, created with JSP,
Java and XML technologies, and running on a Tomcat application
server. It enables an application administrator to create, maintain
and run online surveys.

VTSurvey consists of 38 Java™ files and 74 JSP (Java Server
Page) files. Total line of code of the application is 10 342 lines. In
addition, there are 4 DTD (Document Type Definition) files. The
application is well-structured and the source code is well-
formatted, but sparsely commented.




Originally, VTSurvey did not maintain each user’s email address.
Subjects were asked to modify the system to maintain this
information. Our requirements were: i) the system shall allow the
administrator to provide an email address upon adding a new user;
ii) the system shall store the email address; and iii) the system
shall present the user’s email address in a column next to the user
account on the user account listing. The change involves only one
Java file, two JSP files, and one DTD file. In total, there are 393
lines in these four files.

In Task A, the subject was asked to fill the CRP form. Completing
this document allowed the subject to demonstrate his or her
understanding of the system. The information required by the
CRP form are: i) change type and description, ii) system
description, iii) modules and files affected by the change, iv)
risks, v) effort estimation, and vi) test cases.

4.4 Questionnaires and Debriefing

In order to gain a better understanding of the subject’s personal
characteristics, we administered four questionnaires: 1)
background and work experience, ii) computer science
background knowledge, iii) personality, and iv) general problem
solving ability.

The background questionnaire asked subjects about their
educational background, employment history and level of
experience with some software technologies. The second
questionnaire tested a subject’s knowledge of computer science
concepts and included topics such as process models,
programming languages, and algorithms.

A debriefing session was conducted with each subject in order to
elicit his or her reflections on the work done. They were asked
about accuracy and completeness, possible mistakes in the CRP
form or implementation, and their level of confidence in their
work. Subjects B also had the opportunity to evaluate the
correctness of the information received during the Handover task
and in the CRP form.

5. RESULTS AND DISCUSSION

5.1 Years of Experience

As an initial categorization, we defined an expert as someone who
had five years or more of industry experience as a software
engineer. A novice was a senior undergraduate student or recent
graduate with less than one year of work experience. Using this
criteria, we did not see consistent differences between the two
groups in terms of performance on tasks or behavior.

Table 3 shows how novices and experts scored on the two tasks.
These scores were generated by having two independent raters
score the completed CRP form and the implementation. In almost
all cases, the raters agreed with each other and when they did not
they were within one point. While the top scores for both tasks
were earned by experts, there were not consistent differences
between the two groups.

Table 3: Novice vs. Expert Performance on Tasks

Novice Expert
Task A- CRP Form 19 19.5
(out of 33) 24 29
28 33
Task B- Code 12 35
Change 35 44
(out of 55) 50 55

The data indicates that the two groups have overlapping
performance profiles, meaning that our thresholds did not produce
two distinct groups. Five years of experience may not be
sufficient to become an expert. In comparison, we had two
subjects who had 10 years of experience with web applications
(E4 and a test subject) and both their qualitative and quantitative
results were more in line with our expectations. These subjects
were prominent in our discussions and analysis as we worked
with the data. We will take these findings into consideration when
we define cut-offs in future studies.

5.2 Cognitive Characteristics

We conducted further qualitative analyses to determine whether
we could identify any consistent behavioral differences between
experts and novices. Using the characteristics described in Section
3.2, we looked for examples of expert behavior.

5.2.1 Information Seeking

Since experts have more background knowledge and see problems
in a more principled way than novices, we would expect them to
use a more orderly strategy to gather information needed to
complete the task, thus leading to faster performance and fewer
errors (by characteristics i, ii, and v in Section 3.2).

We found that two out of our three experts employed approaches
that resembled the top-down and hypothesis-driven approach
proposed by R. Brooks [7]. In addition, the strategy they used to
study a component and to transition from one to another was
systematic and orderly. The performance of these two subjects
was clearly superior to other subjects. This finding is consistent
with the literature [21].

The other expert, ES, employed an approach based on keyword
searching of the filenames and made assumptions about their
behavior based on their names. However, this subject spent less
than ten minutes comprehending the system and demonstrated
little understanding of how the system worked. Both of these
actions led us to question the categorization of this subject as an
expert and supported the use of cognitive characteristics to
classify subjects.

Unlike the experts, the novices used a strategy based primarily on
keyword searching and didn’t show the characteristic of top-down
approach. Even the novice with the best performance scores, N6,
did not employ the same strategies as experts. However, he was
able to focus on relevant files more than other novices and
showed a systematic approach to studying files at a given
architectural layer, such as JSP, or in Java object, but not when
moving from one layer to another. Since he based his searches of
the source code on keywords and identifiers, he incorrectly
selected a file because its name (showUser . j sp) suggested that
it contained the functionality that needed to be modified. It is
interesting to note that in his debriefing session, N3’s description




of his approach resembled a top-down approach. It is possible that
the subject was trying to perform top-down and systematic
approach, but lacked the skill to follow through with this
intention.

5.2.2 Communication

Experts see and represent a problem in a more principled manner
and they spend more time understanding the problem qualitatively
(characteristics v and vi in Section 3.2). Consequently, we expect
explanations by experts to be better organized and to be broader
in scope, i.e. include information about the boundaries of the
problem.

We found that experts provided explanations that i) had more
scoping information, that is, gave more details about the context
of the problem; and ii) were grounded in the code base, that is,
contained fewer errors. Table 4 shows the amount of time spent
on scoping by the subjects. Only one of the three novices spent
any time explaining the context of the problem. In contrast, all of
the experts spent some time on scoping; one spent nearly four
minutes on the topic.

Table 4: Time (seconds) Spent on Scoping

Novice Expert
0 9
0 9
11 227

Explanations provided by experts tended to be grounded in the
code base, information. This knowledge of the low-level program
details enabled subjects to advise the implementers about the
relevant files and methods that needed to be changed. Subjects E1
and E2 spent less time on the program details compared to the
problem domain and mechanics. In addition they are the only
subjects that did not provide any incorrect information to their
respective implementers (see Table 5).

Table 5: Incorrect Statements by Subjects

Novice Number of Expert Number of
Subjects Incorrect Subjects Incorrect
Statements Statements
N3 1 El 0
N4 2 E7 0
N6 2 E2 2

Although novices allocated as much time to the program details,
they sometimes passed on incorrect information. This can be
attributed to their inability to obtain a coherent view of the code
base. Since the primary information seeking strategy used by the
novices was keyword searching, they were misled at times by the
identifiers. In addition, they rarely looked at the code to verify
their assumptions once a candidate file was found.

5.3 Software-Specific Proficiencies

This third criterion for defining expertise considers an
individual’s level of proficiency with a software-specific area.
While we knew that expertise was domain-specific, we
underestimated the degree of this specificity. A number of the
novices had experience working with web applications and this
contributed to their performance on tasks. We had expected that a
software engineer with many years of experience would have
acquired a set of skills that were broadly applicable and would
allow them to perform as experts even outside of their usual

application domain. This expectation is analogous to the idea that
learning a new programming language is easy after one has done
it a couple times already. However, this was not the case.

Table 6 and Table 7 shows the scores on the Change Request
Proposal and Implementation tasks sorted by the amount of
experience with web applications. We found that novices with
some web application experience sometimes outperformed
experts without any web application experience. For example, one
expert was stymied on the implementation task (Task B), because
he wasn’t able to run the modified web application. While he had
no trouble compiling the application, he didn’t realize that the
Tomcat server needed to be restarted in order to load the newly
compiled program.

This criteria for assessing expertise is more complex than the
other two, taking into account both experience and domain
knowledge. However, it shows the most potential for accurately
characterizing software engineering expertise. This complexity
means that an empirical test will need to be defined separately for
each proficiency of interest. The challenge will be to find a
general, but useful, way of measuring expertise in this manner.
We believe that this definition is the most promising of the three
and further experiments are under way.

Table 6: Experience by Performance on Task A

Years of Web Application Task A
Experienc Experience Score
e
Expert 3-5 years 100%
Novice 1-3 years 84%
Novice 1-3 years 72%
Expert 0-1 years 87%
Novice 0-1 years 57%
Expert * 59%
Table 7: Experience by Performance on Task B
Years of Web Application Task B
Experience Experience Score
Expert 5-10 years 100%
Expert 3-5 years 64%
Novice 1-3 years 90%
Expert 1-3 years 80%
Novice 1-3 years 63%
Novice 0-1 years 22%

6. FUTURE WORK

The research reported in this paper represents a first step in
studying software engineering expertise. An empirical test for
identifying expertise is necessary so that we can correctly
categorize subjects in future studies. We plan to build on this
work in a number of ways.

One of the next steps is to construct an inventory of software
engineering skill areas. What is the range of skills and knowledge
that a software engineer needs to master en route to becoming an
expert? Some of these skills are technical, such as programming,
testing, and best practices. Other skills are more social, such as
project management, and team work. This inventory will be
beneficial for our next task.

We intend to conduct further experiments to refine a proficiency-
based definition of expertise. The task in these experiments will



be focused on web applications and involve a larger number of
subjects. We will be constructing a ladder of skills and knowledge
areas, where the rungs on the ladder represent different levels of
expertise.

Once we have established a good definition and empirical test, we
can then move on to study the work practices and work products
of experts. It would not be difficult to incorporate the strategies
used by experts into software engineering curriculum, for
instance, showing students how to read code in a top-down
fashion and what kind of knowledge is needed to plan a code
change. In the short term, such changes would ensure that new
graduates are better equipped to handle problems in the
workplace. In the longer term, educational innovations would also
benefit practicing software engineers, resulting in skill
improvements over their working lives and the software that they
develop.

Last, but not least, the knowledge accumulated by experts over
many years can provide insight into software engineering itself.
While this knowledge may have been acquired informally, we can
certainly study and formalize it. Furthermore, it represents years
of experience that we, as researchers, could not experience
ourselves and must study empirically.

7. SUMMARY

In this paper, we consider three candidate definitions for expertise
and their corresponding test criteria. These three criteria were:
number of years of work experience in software engineering;
cognitive characteristics of experts; and software-specific
proficiencies. We found that each definition has its place in
characterizing software engineering expertise.

The first definition, number of years of work experience, is easy
to test. Consequently, it is a good first filter, provided that the
threshold for an expert is set appropriately. In our pilot study, we
used a threshold of 5 years and found that this was not high
enough. Ten years may be required to attain a level of expertise
that is observably and consistently different from novices.

The second definition was a set of cognitive characteristics found
in experts from a number of different domains. This criteria was
useful because they provide a theoretical basis for characterizing
expertise. As a result, the presence or absence of these
characteristics could be used to evaluate the other definitions. In
our study, we found patterns of behavior that were consistent with
these characteristics. Moreover, putative novices and experts
exhibited them to different degrees, leading us to our final
definition.

The third definition was software-specific proficiencies. This is a
fine-grained definition that considers an individual’s skill and
knowledge in a particular area. This definition can potentially
provide a detailed characterization of expertise, but it is time-
consuming to develop and use an empirical test associated with
this definition.

Our findings regarding these three definitions mirrors the
strategies that companies use to select new employees. They
publish a job advertisement like the one at the beginning of this
paper. It includes the number of years of experience desired,
characteristics of a successful candidate, and a long list of
required skills and education. Applicants submit a resume
containing information about themselves in the aforementioned

areas. A few people are chosen to be interviewed by a manager
and some of these are subsequently given technical interviews.

The work reported in this paper is the start of a sequence of work
on software engineering expertise. A definition and empirical test
is necessary to help identify experts. Lessons learned from
studying them can be used to improve curriculum, support future
software tool and method development, and better understand
software engineering itself.
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