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CHAPTER I 

INTRODUCTION 

Ives, Hamilton, and Davis (1980) propose a framework 

for management information systems research that includes 

managing the development and maintenance of information 

systems. Survey research on software maintenance has found 

that the cost of maintaining software is estimated at 50 

percent of annual information systems budgets (Lientz & 

Swanson, 1980). It might be assumed that such levels of 

expenditure would foster corresponding amounts of research 

to reduce software maintenance costs; however, Edwards 

(1984) characterized software maintenance research as being 

"neglected" in 1984. A survey of empirical software 

maintenance research in 1988 demonstrated a nearly constant 

level of research over the preceding decade (Hale & 

Haworth, 1988). This finding suggests that the "neglect" 

continues, and recent statements from the Department of 

Commerce indicate the problem has not gone away (Harrison, 

1987) . 

Purpose of the Research 

The purpose of this research is to develop and test a 

model of the knowledge used in one type of software 

maintenance, specifically, software debugging. Several 

researchers (Gould, 1975; Gugerty & Olson, 1986; Weiser, 



1982; Vessey, 1985) have investigated components of the 

knowledge used in debugging; however, no synthesis of this 

knowledge has appeared in the literature. From the extant 

literature, this research identifies a model of knowledge 

relevant to the debugging process and specific items of 

that knowledge. The model is evaluated by determining the 

differences between novices and experts in the importance 

each group attaches to dimensions of that knowledge. 

Background 

Hale and Haworth (1988) propose a research framework 

for software maintenance that shows programmer, source, 

code, and maintenance reguirement interacting within a 

organizational environment (Figure 1.1). The interaction 

of these three components within the organizational 

environment results in the completion of the maintenance 

task. That is, the programmer, with a certain level of 

skill in the source language and the required maintenance 

activity, undertakes a specified maintenance requirement. 

The programmer works with source code, which is written in 

a specific programming language and has certain attributes 

of understandability and modiflability. The programmer's 

goal is to complete the required maintenance activity, 

which involves altering unspecified amounts of the source 

code to achieve some specified functionality. This work 
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Figure 1.1. Research Framework for Software Maintenance. 



takes place in an organizational environment (the first 

element of the framework) that influences performance 

through such characteristics as organization structure, 

supervision, training, computing environment, and 

programming standards, to name only a few. The framework 

highlights elements that must be controlled in software 

maintenance research. 

From this framework, it is clear that adequate 

measures of the source code, maintenance task, and 

programmer must exist before interactions can be measured 

and the influence of any one factor can be assessed. 

Techniques exist to measure qualities of source code that 

relate to maintainability, and maintenance tasks can be 

both classified and measured. However, meaisures of the 

programmer's skill remain undeveloped. 

Software engineering provides several measures of 

source code (the second element of the framework) (Baker & 

Zweben, 1980; Halstead, 1977; McCabe, 1976; Ramamurthy & 

Melton, 1988). These metrics attempt to assess the 

understandability and/or modifiability of source code 

through different numeric schemes of counting operators, 

estimating control flow, or evaluating data flow and data 

references. Arthur (1983), Canning (1985), and others 

describe automated source code analyzers that produce those 

metrics. Several of these source code metrics have been 



evaluated empirically and determined to be good predictors 

of source code maintainability (Curtis, Sheppard, & 

Milliman, 1979). Recent work by Gibson and Senn (1989) 

supports the potential of some metrics as indicators of 

general maintainability. In all, these reports provide 

evidence that source code metrics can be useful and easy-

to-implement indicators of the maintainability of source 

code. 

Various classifications of the maintenance requirement 

(the third component of the framework) exist. For example, 

Lientz and Swanson (198 0) report eight categories in 

their maintenance expenditure analysis: emergency program 

fixes, routine debugging, changes to input data and files, 

changes to hardware and operating systems, enhancements for 

users, documentation improvements, efficiency improvements, 

and others. Such categories describe the motive for the 

maintenance but not the size or complexity of the change. 

However, the use of before and after measures of software 

metrics is one possible measure of maintenance size and 

complexity. Using another approach, Lin and Gustafson 

(1988) describe an automated difference analyzer that 

gives a post hoc measure of the size of the maintenance 

requirement in number of lines of code changed and number 

of lines of code added or deleted. A combination of 

maintenance category with some measure of the size and 



complexity of the maintenance provides a method to quantify 

the requirement component of the framework. 

The fourth component of the framework, the programmer, 

is problematic. After accuracy, a desirable attribute of a 

measure of skill is ease of collection and low cost. One 

candidate for a measure of ability is experience, measured 

in years or months. Vessey (1985) reports on programmers 

whose experience is in the range of 1/2 month to 40 months. 

Secondary analysis of Vessey's published data reveals very 

low correlations (Spearman's rho = .10) between months of 

experience and performance on an experimental software 

maintenance task (Table 1.1). Likewise, a low correlation 

was found (Spearman's rho = -.11) between managerial 

assessment of expertise and performance on the experimental 

task. The correlations were not statistically different 

from 0 in either case. In contrast to the automated source 

code analyzers described above, the protocol analysis 

technique used by Vessey (1985) is a "... methodology that 

is both tedious and time-consuming" (p. 292). 

The need for a measure of programmer ability leads 

Schneiderman (1986, p. 3) to ask, "Is there hope for 

developing a reliable ability test?" Basili (1986) 

emphasizes that little is known about the mental processes 

used by programmers in their various tasks. Because the 

cognitive processes are poorly understood, it is not 



Table 1.1. Expertise Measures Versus Performance 

MINUTES MINUTES 
TEST 1 TEST 2 

MONTHS OF EXPERIENCE 

MANAGEMENT RATING 

Spearman's Correlation Coefficients and P Values 
calculated from data published in (Vessey, 1985) 

0 . 1 0 
'=0 .82 

- 0 . 1 1 
'=0 .80 

- 0 . 0 6 
P = 0 . 8 7 

0 . 5 5 
P = 0 . 1 6 
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surprising that reliable measures of programmer ability in 

the various types of software maintenance do not exist. 

Clearly, before a measure of ability in any maintenance 

task can be developed, the related knowledge and mental 

processes must be understood. 

Brooks (1983) presents a three-component model of 

programmer expertise in program comprehension—knowledge 

of the application domain, knowledge of programming, and 

comprehension strategies. Further, he divides programming 

knowledge into syntactic and semantic components in the 

fashion of Schneiderman and Mayer (1979) and Adelson 

(1981). The syntactic component refers to the syntax of 

the programming language involved, and the semantic 

component refers to language-independent programming 

concepts such as initialization, accumulator, array, case 

structure, sequential file, and so on. The strategies are 

the rules or processes the programmer uses to comprehend 

the program. Although Brooks' model places emphasis on 

strategies, the interaction of strategies with other 

components is described only in the confirmation of a 

hypothesis (tentative diagnosis), and the origin of the 

tentative diagnosis is not described. 

Brooks (1983) acknowledges that the task goal will 

influence the strategies employed by the programmer, but 

his model focuses only on the comprehension of programs. 



not on the full maintenance task. If the task goal is 

extended to the full task and the strategies and semantics 

of debugging are fitted to the model, a task environment 

approach is suggested. Schvaneveldt et al. (1985) 

demonstrate the use of pairwise similarity ratings of task-

relevant terms to evaluate the structure of expertise. 

Their research suggests the approach that was used in this 

study of programmers. 

Significance of the Study 

The variability of programmer performance is a 

critical issue in empirical studies of programmers because 

performance measures are often used as dependent variables 

to assess the influence and/or importance of other factors 

on programmer productivity. Of research related to 

software maintenance, one notable conclusion is Curtis' 

(1981) finding of a 20:1 variance in professional 

programmers' performance on debugging tasks, attributed in 

part to differences in programmer ability. Curtis 

concludes that programmer variability is often of 

sufficient magnitude to obscure other experimental effects. 

This research supports construction of an instrument to 

measure programmer debugging expertise which will, in turn, 

allow studies of debugging productivity without the 

confounding effect of unknown or variable programmer 



10 

expertise. Finally, a better understanding of the 

components of debugging expertise should lead to more 

effective training of programmers. 

Organization 

This research develops a descriptive model of 

programmer expertise in software debugging. Chapter 2 

reviews published, empirical studies of software 

maintenance. Chapter 3 presents the research model and 

hypotheses developed from that model. Chapter 4 describes 

the research methods used in the present research. Chapter 

5 describes the analytic procedures and the results from 

data analysis. Chapter 6 discusses the implications and 

contributions to knowledge that arise from this research as 

well as the limitations of this research. Chapter 7 

provides a summary of the present research and directions 

for future research. 



CHAPTER II 

RELATED LITERATURE AND RESEARCH 

The number of studies evaluating programmer 

performance in software debugging is limited. Furthermore, 

comparative studies of skilled and unskilled performance in 

software debugging often have attempted to use an 

experience-based expert-novice dichotomy to classify the 

subjects. Such classifications have been discussed in 

Chapter 1 and have been shown to poorly reflect the actual 

performance of subjects. Many of these studies are more 

accurately characterized as studies of more experienced and 

less experienced programmers. Nevertheless, the results of 

these studies and models derived from these studies are 

informative and provide direction for the present research. 

This review examines models of debugging processes and 

programmer knowledge. Two components of the knowledge 

models, semantics and strategies, guide this review of 

empirical research in software debugging. The implications 

of previous research for expert knowledge is discussed. 

And finally, unresolved issues and problems are summarized. 

Models 

At the meta-model level, the conceptual models related 

to software debugging can be categorized as either process 

models or knowledge models. Process models provide an 

11 
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overview of the activities of the programmer without 

detailing the decision processes or the specific knowledge 

used by the programmer at any particular point in the 

process. Knowledge models tend to be aggregate models and 

do not describe how or when knowledge is used. Only by 

implication may the process model be included as a 

component of the knowledge model. Likewise, only by 

implication is knowledge included in the process model. 

Nonetheless, both types of models are important and must be 

included in a comprehensive review of software debugging. 

Process Models 

Gould (1975) posits a process model of debugging that 

is a synthesis of experimental observations. His model 

describes an iterative control mechanism for the following 

activities: 

(1) Select a debugging "tactic" (i.e., strategy). 

(2) Search for clues or facts. 

(3) Based on findings, do one of the following: 

(a) Form an hypothesis and return to step 1. 

(b) Return to step 1. 

(c) Identify the error. 

Debugging "tactics" are "procedures or methods that 

subjects used initially to search ... and subsequently to 

evaluate hypotheses" (Gould, 1975, p. 164). (Tactics will 



13 

hereinafter be referred to as strategies to conform to 

contemporary usage in the literature.) A clue is 

"something suspicious in an information source" (Gould, 

1975, p. 164), and a hypothesis is a testable speculation 

about the bug. Gould provides a flow chart for his model 

(Figure 2.1). Although he characterizes it as "a gross 

descriptive model" (p. 164), it is from this model that he 

derives questions about the effect of strategies, clue 

finding skill, and strategy-switching on individual 

performance. 

Vessey (1986) offers a slightly different process 

model of software debugging with the following steps: 

(1) Get clues. 

(2) Form hypothesis. 

(3) Evaluate hypothesis. 

(4) If the hypothesis is not supported, go to step 2. 

(5) Fix the bug. 

(6) Confirm the bug. 

(7) If the bug is not fixed, go to step 2. 

(8) Terminate. 

Vessey provides a flow chart for this model (Figure 

2.2), and a comparison of Figure 2.1 with Figure 2.2 

reveals the major difference between these two models. 

Gould's model explicitly allows for a change of strategy 

while Vessey's does not. This difference is attributed to 
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Vessey's model being one of "immediate recognition and 

response" (Vessey, 1986, p. 622), hereinafter referred to 

as direct diagnosis. The distinction between a direct 

diagnosis and a strategy-based debugging process is not 

resolved. 

Vessey (1986) also uses an activity model that 

includes goal setting and planning. It is in light of this 

activity model that distinctions between expert and novice 

behavior are made, particularly those distinctions 

involving information gathering and goal switching. These 

concepts are discussed in the empirical results section. 

Knowledge Models 

Schneiderman and Mayer (1979) present a model of 

programmer knowledge developed from a stream of research 

on programmer behavior. The model proposes two basic types 

of programmer knowledge—syntactic and semantic. The 

syntactic knowledge consists of the keywords of the 

programming language and the rules for composing executable 

statements and programs. The semantic level of knowledge 

is general and language-independent and consists of 

definitions and exemplars of data types and processing 

procedures; semantic knowledge also includes application 

domain knowledge such as the procedure for calculating net 
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pay, the algorithm for computing a mean, and so on 

(Schneiderman, 1986). 

Brooks (1983) presents a three-component model of 

programmer expertise in program comprehension—knowledge 

of the application domain, knowledge of programming, and 

comprehension strategies. He divides programming knowledge 

into syntactic and semantic components in the fashion of 

Schneiderman and Mayer (1979) and Adelson (1981). However, 

unlike Schneiderman and Mayer, Brooks places application 

domain knowledge in a separate component and makes explicit 

the importance of strategies. 

In the Brooks model (1983), the syntactic component 

refers to the syntax of the programming language involved. 

The semantic component refers to language-independent 

programming concepts such as initialization, accumulator, 

array, sequential file processing, as well as exemplars of 

these concepts. The strategies are the rules or processes 

the programmer uses to comprehend the program, such as 

tracing the control flow in the program. The interaction 

of these components is described only in the confirmation 

of a hypothesis (tentative diagnosis); the origin of the 

tentative diagnosis is not described. 

Brooks (1983) acknowledges that the task goal 

influences the strategies employed by the programmer, and 

he suggests that the differences in strategies used may be 
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a significant source of variance in programmer performance. 

He speculates that experimental manipulation of the task 

goal may yield useful knowledge about programmers' 

strategies. He clearly postulates that strategies are 

significant to a programmer's performance. 

Brook's influences on programmer performance (P) may 

be expressed in a functional form as 

P = f(syntactics, domain, semantics, strategies), 

where syntactics refers to programming language syntax, 

domain refers to application domain knowledge, semantics 

refers to programming knowledge, and strategies refers to 

goal-oriented programmer activities. This view underlies 

the present research. 

Empirical Results 

The process models and knowledge models highlight the 

types of information that may be significant to programmer 

expertise. Previous research on software debugging has 

focused on strategies which are a component of both models 

and on semantics which are a component of the knowledge 

model. 

Strategies 

Gould (1975) reports on protocol analyses of 

programmers engaged in debugging FORTRAN programs. In 

addition to the iterative model described previously, he 
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Observe that his subjects seemed to follow a simple-

to-difficult hierarchy in their selection of tactics and 

that subjects usually knew the appropriate corrective 

action once they had identified the error. 

Two search strategies emerge from the research 

reported by Sheppard, Curtis, Milliman, and Love (1979). 

One strategy (also observed by Gould) is to study the 

control flow from beginning to end; the second strategy is 

to use information from the output to reduce the search 

area to a module or subroutine that may contain the bug. 

Sheppard et al. report anecdotally that the second strategy 

seems to be associated with faster results. 

Weiser (1982) investigates a third strategy called 

slicing that involves tracing backward to identify all 

statements that might influence the value of a variable. 

He reports that experienced programmers mentally construct 

slices of programs they debug. That is, they ignore 

statements that have no influence on the variable in 

question and subsequently do not recognize those 

statements. Furthermore, they focus on the statements that 

influence the value of the variable in question and are 

able to recognize groups of those statements even though 

they are widely separated in the source code. Weiser 

describes slicing as being a data-flow-oriented process 

rather than a control-flow-oriented process. He concludes 
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that slicing is used by experienced programmers; however, 

he does not control for the experience level of his subjects 

and does not claim slicing leads to superior performance. 

Conversely, Curtis, Sheppard, Milliman, Borst, and 

Love (1979) state that the performance (measured in time to 

find a bug) of programmers with less experience (expressed 

in years of experience) is significantly correlated with 

the length of the program (in lines of code) while the 

performance of more experienced programmers is not 

meaningfully correlated with lines of code or other metrics 

(Halstead's (1977) Effort metric or McCabe's (1976) 

cyclomatic number). This observation suggests that less 

skilled programmers use less sophisticated search 

strategies that result in longer times for larger amounts 

of code while more skilled programmers use more 

sophisticated strategies that allow their performance to be 

relatively independent of the length of the code. 

Gugerty and Olson (1986) identified the following 

strategies used by programmers in debugging a LOGO program: 

(1) simulating execution of parts of the program, 

(2) working backwards from symptoms, 

(3) eliminating portions through simulation or 

separate execution, and 

(4) embedding test writes to display variable values. 

Although the subjects were classified as novices and 
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experts, they were all students and the appellation 

"expert" is questionable. Further, none of the subjects 

were experienced in the LOGO language, and it may be 

surmised that whatever expertise the advanced students 

possessed was reduced by working in an unfamiliar language. 

Finally, the programs used in these experiments were short 

and may not have been taxing enough to bring out the 

expertise of the advanced students (a similar problem is 

reported by Curtis, Sheppard, Milliman, Borst, and Love 

(1979)). These three factors may account for the authors' 

findings that there seems be little difference between what 

the two groups of subjects did, only that the advanced 

students did it better. However, their identification of 

simulation and test write statements as additional 

processes for discovering bugs adds to the list of 

strategies, their report that some subjects work backwards 

from symptoms supports Weiser (1982), and their report that 

subjects eliminate sections of code from consideration 

supports the finding of Sheppard et al. (1979). 

Semantics 

Gould (1975) observes that programming logic errors 

are easier to locate than assignment errors, which in these 

experiments are violations of application domain semantics. 

That is, assignment errors are not violations of 
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programming standards or conventions but are violations 

that required the subject to know calculation procedures 

for various statistics (e.g., standard deviation, moments, 

frequency counts, correlations). This observation supports 

the distinctions of the syntactic/semantic model put forth 

by Schneiderman and Mayer (1979). 

Another question about the correlation of software 

metrics and performance is raised by the work of Mynatt 

(1984) . This work shows that although they accomplish an 

identical result, some algorithms are more difficult to 

understand and manually execute than other algorithms. By 

design, the easier algorithms had larger metric values 

(Halstead's (1977) volume metric) than the more complex 

designs, and the experimental results are opposite those 

predicted by the software metric. Mynatt's research 

employed a homogenous group of subjects. Therefore, the 

inference that may be drawn is that familiarity with an 

algorithm is more important to performance than is the size 

of the implementation. This result supports Curtis, 

Sheppard, Milliman, Borst, and Love's (1979) conclusion 

that knowing the exemplar is more important to expert 

performance than the size of the code that must be 

examined. 

The work of Soloway and Ehrlich (1984) explores the 

relationship of programming knowledge to skilled 
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performance. They report on a sequence of experiments to 

test the hypothesis that more experienced programmers use 

"plans" and "rules of programming discourse" and that they 

perform poorly when the "plans" and "rules" are violated. 

The "plans" correspond to exemplars of algorithms or 

processes, and the "rules" are programming conventions that 

guide the programmer in creating programs and are used to 

understand the source code when debugging. The experiment 

required the subjects to construct a missing line, a task 

with elements common to debugging. The more experienced 

programmers were able to more accurately construct the 

missing line. These results confirm Mynatt's results, and 

support the proposition that exemplars lead to the superior 

performance of more experienced subjects. 

A common thread throughout these empirical results is 

a concern for superior performance and for identifying 

differences between experts and novices. Two recent 

studies identify correlates of of skilled performance. 

Expert Performance 

Vessey (1985) reports that experts can be 

distinguished from novices by whether they form a system 

model of the program. This same modelling process is 

identified by Koubek (1987) in his protocol analysis of 

skilled and highly skilled programmers performing 
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modification maintenance, and he finds "development of an 

abstract representation" to be the only factor with 

significant differences between the two groups (Koubek, 

1987, p. 80). That an expert may develop a standard 

organization for information about a problem is consistent 

with Dreyfus and Dreyfus' (1986) concept of holistic 

similarity recognition. A standard organization of 

information would support the flexible, data-driven 

problem-solving process reported by Vessey (1985). It 

easily accommodates additional details and allows the 

expert to match easily the current problem to previously 

learned situations and to shift search strategies and/or 

diagnoses when new information is discovered. 

Koubek (1987, p. 78) identifies two additional 

categories of activity in his analysis, "detailed 

information search" and "heuristic solution process." 

Vessey's (1985) indicators, other than the formulation of 

a system model (discussed before), fit these two factors. 

The first two of these indicators, examination of program 

or output first and active or passive examination of the 

code, appear to be components of the information search 

factor. The third indicator, constraint by hypothesis, 

seems to be an element of the heuristic solution process. 

Koubek (1987) finds no significant differences between 

experts and super-experts on either factor. Vessey (1985) 
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notes that while experts and novices could not be separated 

by the information search indicators, they could be 

distinguished by their flexibility in the solution process. 

The foregoing review leads to the following 

characterization of expert knowledge: 

(1) Experts have more knowledge. 

(2) Experts organize their knowledge differently. 

These conclusions, particularly item 2, underlie the 

research issues that follow. 

Research Issues 

In all, the literature identifies four types of 

Icnowledge as important in software debugging: strategies, 

application domain semantics, programming semantics, and 

language syntax. Both Brooks (1983) and Schneiderman 

(1986) agree that syntactic knowledge is a key component of 

programmer skill. The present study does not address 

syntactic knowledge for two reasons: this study takes no 

issue with their claim, and several reliable tests (such as 

the Wolfe (1988) tests) exist for syntactic knowledge. 

Brooks and Schneiderman also agree on the significance of 

application domain semantics; however, because of the 

diversity of application domain knowledge (accounting, 

finance, and insurance, to name a few) and because specific 

tests (the Certified Public Accountant Examination and the 
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Certified Insurance Underwriter Examination are examples) 

do exist for some application domains, application domain 

semantics also are not addressed in this study. 

Empirical results support a model containing 

strategies and semantic exemplars. In addition, specific 

strategies have been identified, and the importance of 

exemplars to superior performance has been explored. 

Nevertheless, the organization of knowledge, and the 

resulting associations among strategies and semantic 

exemplars in experts' debugging knowledge, remains open to 

question. Do experts and novices differ on Koubek's three 

dimensions? Can experts be distinguished from novices on 

the basis of a model derived from programming semantics and 

strategies? Can these differences, if they exist, be 

identified in a way that is useful in categorizing 

subjects? 



CHAPTER III 

RESEARCH MODEL 

The results of previous research point to aspects of 

programmer performance that may be used to distinguish 

experts from novices. Vessey (1985, 1986) and Koubek 

(1987) explore different software maintenance tasks, 

debugging and modification, respectively. Although they 

investigate different specific tasks and use subjects with 

differing levels of experience, their findings have 

parallels in the number of factors underlying experts' 

activities and in the significance of those factors in 

classifying subjects as experts or novices. The hypotheses 

for the present research are prompted by the similarities 

and differences in their findings. 

The Conceptual Model 

The model underlying the proposed research is Brooks' 

(1983) model of programmer performance (P). This model was 

expressed in functional form in Chapter 2 as 

P = f(syntactics, domain, semantics, strategies) 

where syntactics refers to language syntax, domain refers 

to application domain knowledge, semantics refers to 

programming semantics, and strategies refers to programmer 

strategies for achieving the present goal. In the 

27 



28 

development of a measure of programmer skill, all four 

components require measurement and evaluation. The result 

of such measurements will be a programmer skill profile. As 

discussed in Chapter 2, standardized tests exist for 

language syntax and for some application domains, but the 

result is an incomplete profile because there are no 

measures of semantics or strategies. This research 

addresses only semantics and strategies, those components 

for which there are no existing measures. The intent 

therefore is to investigate relationships among semantics 

and strategies with a view toward developing a measure of 

expertise based on those relationships. 

As discussed in Chapter 2, some understanding of 

strategies has been derived from the work of Vessey (1985) 

and Koubek (1987). Koubek develops three factors 

underlying subjects' protocols collected while they 

performed a software modification task. Both Koubek and 

Vessey can distinguish skilled programmers from less 

skilled programmers on the basis of one factor, whether the 

subject develops "an abstract representation" (Koubek, 

1987, p. 78), or "system view" in Vessey's words (1985, p. 

301). Moreover, Vessey's other indicators may be 

interpreted as being instances of Koubek's factors. 

Dreyfus and Dreyfus (1986, p. 28-29) argue that expert 

performance results from recognizing overall patterns in 
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the situation and relating those patterns to previously 

successful activity. This implies a reference or standard 

knowledge organization that allows holistic comparisons. A 

consequence of this view of expertise is that evidence of 

the knowledge organization, the information search to fill 

the knowledge organization, and the resulting solution 

heuristics may be expected in expert behavior; such 

evidence was found by Koubek (1987, p. 78). The 

similarities in the findings of Koubek and Vessey lead to 

the proposition that these factors may be universal and may 

be recoverable in data collected by less time-consuming 

methods than protocol analysis. In relation to the Brooks 

model, the proposition becomes the following: 

The semantics and strategies of expert 

programmers have an underlying system view, a 

solution heuristic, and an information search 

heuristic; the semantics and strategies of 

less skilled programmers are organized differ

ently or are disorganized. 

The semantics involved are low-level (or deep 

structure) semantics, such as initialization, assignment, 

accumulator, and loop control, that are used to identify 

programming errors. Other elements of programming semantics 
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are files, records, fields, cross-reference listings, and 

various types of documentation as well as the uses for 

these items. Strategies are programmer actions, such as 

tracing backward from symptoms, tracing control flow, 

examining printed reports, and inserting display 

statements, that are used to gather information and to 

locate errors. The proposition above implies that 

"strategies" and "semantics" are two classifications into 

which the items may be placed and that the same items may 

be classified according to their position or use in 

experts' knowledge. 

The position or use of task related items in experts' 

knowledge may indicate the experts' evaluation of 

similarity or degree of association between items. These 

associations among semantic items and between semantic 

items and strategies may be visualized as a network. 

Interpreting the proposition above in terms of a network 

visualization, the expert has many connections in his/her 

network whereas the novice has fewer and different 

connections. The object of this research is not to 

describe the detailed networks of experts' and novices' 

knowledge associations but to verify the effects of the 

postulated different associations. 

In summary, the model for this research is an 

extension of Brooks' (1983) model. This extension proposes 
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that semantics and strategies are associated on three 

factors; system representation, solution heuristics, and 

information search heuristics. Moreover, it is proposed 

that experts and novices differ in the manner in which 

they relate semantics and strategies to these factors and 

that the differences are sufficient to distinguish between 

the two groups. 

Research Hypotheses 

The extended model leads directly to the following 

hypotheses: 

Hypothesis 1.: Experts' knowledge maps to three 

dimensions. 

If Hypothesis 1 is accepted, then the question of agreement 

between the dimensions in the present research and the 

factors in Koubek's research leads to the following: 

Hypothesis Z' The experts' dimensions are the same as 

Koubek's three factors. 

Given the differences in research methods (Chapter 4), 

differences between the factors in Koubek's and Vessey's 

research and the dimensions in the present research are not 

unexpected. Finding a dimension in the present research 

that is similar to a factor in either of the preceding 

investigations will support the proposition that the factor 

is general to software maintenance. 
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Vessey (1985) characterizes the performance of 

novices, but the characterization is only in contrast to 

experts; no separate examination of novice characteristics 

is made. Dreyfus and Dreyfus (1986, p. 21-24) propose 

that novices have a less integrated knowledge structure 

than experts and that they apply rules with little or no 

regard for contextual information. Although not central to 

the present research, exploration of novice characteristics 

may provide insights for measuring expertise and for 

tracing programmers' development. Therefore the following 

hypothesis will be tested: 

Hvpothesis 3.J Novices' knowledge maps to three 

dimensions. 

Because the motivation for the present research is to 

develop a method of evaluating the skill of a programmer, 

the following hypothesis is appropriate: 

Hypothesis 4.: Experts can be distinguished from 

novices on the basis of a three-dimension model. 

In addition to the foregoing, hypotheses concerning 

the ability to discriminate between experts and novices on 

the basis of each separate dimension are of interest. These 

hypotheses will attempt to identify which dimensions are 

significant in discriminating between experts and novices. 

Therefore, if Hypothesis 4 is "accepted," the following 

will be evaluated: 
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Hypothesis 4a: Dimension One is sufficient to 

distinguish experts from novices. 

Hypothesis 4b: Dimension Two is sufficient to 

distinguish experts from novices. 

Hypothesis 4c: Dimension Three is sufficient to 

distinguish experts from novices. 

The purpose of testing these hypotheses is to provide 

support for Vessey's and Koubek's findings by duplicating 

their results with alternative methods. Because of 

differences in methods, failure to duplicate their results 

is not contradictory, but similar findings will suggest 

that the result is generalizable to other types of software 

maintenance. 

Summary 

These hypotheses test propositions about the nature of 

programmer knowledge. These propositions have been 

developed from the results of past research on programmer 

activities in software maintenance. This development 

involved inferring a knowledge organization from findings 

about significant factors in software modification 

activities. A demonstration of the applicability of these 

factors to a debugging problem scenario will support a 

three-factor view of software-maintenance knowledge and 

will support the findings of earlier researchers. 



CHAPTER IV 

RESEARCH DESIGN 

The hypotheses require construction of a knowledge map 

for experts and novices. Rips, Shoben, and Smith (1973) 

demonstrate that relatedness ratings between pairs of terms 

representing objects in the problem space can be used to 

derive a multidimensional Euclidean map of the terms; 

moreover, they demonstrate that the distances between terms 

in such a map can be used to predict performance. 

Schvaneveldt et al. (1985) demonstrate that subjects' 

evaluations of associations among objects, both tangible 

and abstract, in the task environment can be used to derive 

a multidimensional map of the terms. Further, they 

demonstrate that the derived map is sufficient to 

distinguish expert USAF pilots from novices. Because these 

results are similar to the goals of the present research, 

the methods used by Schvaneveldt et al. are employed in 

this research. 

Experimental Classification 

The hypotheses developed call for investigation of 

two groups of subjects with known skill levels. Because 

the hypotheses do not call for manipulation of subjects, 

the design is a quasi-experimental static-group comparison 

(Campbell & Stanley, 1963). The groups are compared on 
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their responses to a test instrument designed to obtain 

their opinions about the degree to which items of knowledge 

are related in a debugging context. 

Subjects 

Subjects were selected to maximize the variance 

between groups and to minimize the variance within groups. 

Such an approach maximizes the power of the experiment 

to detect significant differences (Baroudi & Orlikowski, 

1989) . Novice subjects were selected from a pool of 

undergraduate MIS programming students. Expert subjects 

were selected from a pool of practicing COBOL programmers 

with eight years or more of data processing experience. 

Further a priori evaluation of the subjects' exact skill 

level was not attempted, although biographical data was 

obtained to assist in interpreting research results. 

Experts 

Subjects for the expert group were professional COBOL 

programmers from seven different data processing 

organizations. Twenty-two programmers were selected from 

the expert pool. The mean data processing experience for 

this group was 14.14 years, and the mean COBOL experience 

was 9.45 years (Table 4.1). The mean years of software 

maintenance experience was 11.68, reflecting the fact that 

many of the subjects worked in other programming languages 
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Table 4.1. Descriptive Statistics of Experts. 

VARIABLE N MEAN STD DEV MIN MAX 

DP YRS 

COBOL YRS 

MAINT YRS 

WKS SINCE 

22 14.14 

22 9.45 

22 11.68 

6.07 

5-75 

5.98 

8.00 27.00 

0.00 20.00 

5.00 25.00 

22 28.27 61.72 0.00 260.00 
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and in the maintenance of programs in those languages 

before becoming COBOL programmers. The mean number of 

weeks since their last software maintenance project was 

28.27. This rather high value was due to two subjects who 

reported long times (260 weeks and 136 weeks) since their 

last software maintenance project; the influence of these 

subjects will be discussed in Chapter 6. The median time 

was 0.5 week, and the mode was 0 (11 subjects). With a few 

exceptions, the expert subjects appear to have been a group 

of successful, active, long-tenure COBOL programmers. 

Novices 

Subjects for the novice group were students from two 

separate post-secondary educational institutions. The 

subjects were beginning a second programming course in 

COBOL. Training in COBOL was specified as the underlying 

skill because the conditions of instruction include a COBOL 

programming problem. Twenty-two subjects were randomly 

selected from a total of 42 who elected to participate in 

the study as part of their coursework. Their mean number 

of completed programming classes was 3.5, and the mean 

number of COBOL classes was 1.32 (Table 4.2). On average, 

the novice subjects had completed 5.05 computer/information 

science classes. Clearly, the group as a whole had more 

experience than complete novices, and some members of the 
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Table 4.2. Descriptive Statistics of Novices. 

VARIABLE N MEAN STD DEV MIN MAX 

PROG CLASSES 22 3.50 3.16 1.00 13.00 

COBOL CLASSES 22 1.32 0.95 0.00 3.00 

CS CLASSES 22 5.05 3.50 1.00 13.00 
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group might be expected to respond more like the experts. 

The responses of the more experienced individuals will be 

discussed in Chapter 6. 

In all, 44 subjects were included in the sample, a 

number sufficient to support any large sample assumptions 

that might be needed in the analysis (Conover, 1980, p. 

145) . 

Instruments 

The hypotheses require development of a knowledge map 

of relationships among strategies and semantics. In the 

work of Schvaneveldt et al. (1985), multidimensional 

scaling of pairwise distances between terms is shown to be 

an effective method to evaluate expertise. Therefore, the 

primary instrument was designed to collect data on the 

subjects' ratings of the relatedness between phrases 

representing various programming semantics and strategies. 

Questionnaire 

The subjects' rankings of the strategies and semantic 

items were collected to facilitate interpretation of the 

MDS results, as demonstrated by Schiffman, Reynolds, and 

Young (1981, ch. 12). The subjects' ranked strategies on 

their importance to solving the problem and semantics as 

information sources and as potential causes. It was 

planned that this data would be used in interpreting the 
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results of multidimensional scaling if the meaning of the 

dimensions was unclear (this procedure was unnecessary 

because the dimensions were interpretable from the 

coordinate plots as discussed in Chapter 5). Because of 

the different nature of the rank data, a separate 

instrument, in the form of a paper questionnaire (Appendix 

B) , was used to collect the subjects' rank responses. 

Biographic information needed to evaluate relevant 

characteristics of the subjects' experience was also 

collected with the questionnaire. 

Computer-Based Instrument 

A computer-based instrument was developed to collect 

the relatedness ratings. The source code for the 

instrument was written in the C programming language. 

The program first presents general instructions to the 

subject. Then the program displays the debugging problem. 

Finally, the program enters the relatedness rating routine. 

The instrument presents pairs of stimulus phrases to the 

subject for evaluation. The phrases represent semantics 

and strategies pertinent to debugging a computer program. 

The subject is asked to evaluate the relatedness 

between the two phrases on the screen in the context of the 

debugging problem. The screen display contains a scale for 

the subjects use in rating the phrases. All possible 
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combinations (231) of the stimulus phrases are presented to 

the subject. The order of the phrases is randomized using 

a seed value taken from the computer's real time clock. 

The position of the phrases on the screen also is 

randomized using the same technique. The program allows 

the subject to recall the problem context to the screen at 

any time during the rating process. When all of the 

stimulus combinations have been rated, the subject's 

responses are recorded to disk for use in separate data 

analysis. 

Problem context. Vessey (1985) uses a relatively 

simple batch COBOL report program to test for expertise. 

With that problem, she is able to discriminate between 

skill levels and predict task performance. Therefore, a 

similar problem scenario was used in the present research. 

The problem statement specified COBOL as the programming 

language because it is the predominant language (52 percent 

(Lientz & Swanson, 1980, p. 35)) in commercial data 

processing. The problem statement uses in this research 

was 

You are called to correct an error in a batch 

COBOL program. The program produces a quarterly 

report from a single sequential file. The program 

summarizes sales for a calendar quarter, giving 

subtotals for each week, each store, and each sales 
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district. Grand totals are produced at the end of 

the report. The problem is that one of the grand 

totals is $235,766.70, and it is known that this 

total should be $191,389.45. You do not know 

whether the other totals and subtotals are correct. 

Stimulus phrases. Inasmuch as the research hypotheses 

contain three factors (abstract representation, solution 

heuristics, and information search), the instrument 

included 22 phrases to support multidimensional scaling to 

three dimensions (Dillon & Goldstein, 1984). A realistic 

upper limit on the number of phrases was 24. This limit 

was based on trials in which it was found that subjects as 

much as 90 minutes to complete a rating of all possible 

pairs (335) of 2 6 phrases, or an average of 15 seconds per 

pair. At that rate, all possible pairs of 24 phrases takes 

slightly under 75 minutes, at which time several trial 

subjects reported fatigue and loss of concentration. 

A list of stimulus phrases representing semantics and 

strategies relevant to the problem in the statement was 

developed from two sources, the extant literature on 

debugging and detailed interviews with two professional 

programmers. An initial list of 26 phrases was reduced to 

22 based on pilot studies using experienced programmers 

from three different computing environments and using 

novice and naive subjects from Texas Tech University and 
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from a group of industry trainees. Three of the original 

26 phrases were eliminated because of a lack of a clear 

definition and confusion with other terms. Another two of 

the original 26 phrases were eliminated because they had 

average relatedness ratings of greater than 6.9, indicating 

that they were judged unrelated to all other terms. It was 

found from post-test interviews on the first trial that 

subjects wanted to relate the stimulus items to the cause 

of the problem rather than to each other. To offset this 

tendency and to provide clear reminders throughout the 

progress of the test, a stimulus "THE REAL PROBLEM" was 

added to the set; subsequent interviews showed no apparent 

confusion about the relatedness ratings. The resulting 

list of 22 phrases is provided in Figure 4.1. 

Administration 

The instrument was administered to subjects after a 

briefing that described the purposes of the study and gave 

an example of relatedness ratings in an entirely unrelated 

problem context. The instrument was presented on an IBM PC 

or compatible computer, and unlimited time was given each 

subject to complete the test. The biographical 

c[uestionnaire was administered after the computer-based 

test. 
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Plot 
Symbol Phrase 

1 trace backward from symptom 

2 trace dataflow 

3 trace control flow 

4 desk check paragraph 

5 insert DISPLAY 

6 insert EXHIBIT 

7 first input record 

8 last input record 

9 input file format 

A transaction amount 

B input file history 

C cross-reference listing 

D printed report 

E record description 

F load module history 

G initialization 

H accumulator 

I assignment(=, MOVE, etc.) 

J unsigned field 

K loop control 

L IF statement logic 

M THE REAL PROBLEM 

Figure 4.1. Stimulus Items Used in Instrument 
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The instrument was administered to the professional 

programmers at their workplaces. The subjects were 

isolated to eliminate interruptions and distractions during 

the computer-based test. The test was taken on company 

time, and management encouraged participation. 

The instrument was administered to the student 

subjects in micro-computer laboratories at the two schools. 

The students participated in the exam during normal class 

time as part of the content of the courses in which they 

were enrolled. 

Summary 

This research employed methods followed in earlier 

similar research on task skill. The stimulus items for the 

computer-based test were based on previous research on 

program debugging, and the problem context was similar to 

that used in other research with the intention that the 

results of this research could be more easily related to 

the findings of earlier researchers. 

The instrument was administered to a large stratified 

sample of subjects representing extremes of skill in 

program debugging. The resulting data was transferred to a 

mainframe computer for analysis. 



CHAPTER V 

DATA ANALYSIS 

Inasmuch as the methodological motivation for the 

present research lies in the work of Schvaneveldt, et al. 

(1985) with United States Air Force fighter pilots, 

multidimensional scaling is the primary method of data 

reduction. Multidimensional scaling (MDS) is appropriate 

to the analysis of discrete relatedness ratings because it 

requires only discrete ordinal data. Factor analytic 

methods and principal component analysis are based on 

interval or ratio data and linearity assumptions that are 

violated in the relatedness data. Therefore, nonmetric 

MDS, as implemented in PROC ALSCAL (SAS Institute Inc., 

1986), was used in the following analysis. 

The analysis of data proceeded through the following 

steps: 

(1 

(2 

(3 

(4 

(5 

(6 

(7 

selection of subjects (described in Chapter 4), 

analysis for HI through H3, 

selection of expert subset, 

development of discriminant model, 

analysis of H4 through H4c, 

selection of test group, and 

evaluation of classification. 

46 



47 

The results of the evaluation of hypotheses and the 

discriminant classification of the test group follow. 

Hypothesis i: Experts' Dimensionality 

The first hypothesis seeks to verify that experts' 

knowledge has three underlying factors (dimensions). 

Schiffman et al. (1981, p. lo) and Shepard (1972, p. 9) 

propose similar criteria for evaluating the dimensionality: 

(1) goodness of fit as indicated by a plot of 

STRESS or squared correlations versus 

dimensions, 

(2) "statistical reliability" (Shepard, 1972, p. 9) as 

indicated by analyzing subsets of the data, and 

(3) interpretability of the dimensions. 

These criteria were used to test the first hypothesis. 

Goodness of Fit 

To evaluate the degree of fit of each dimensionality, 

PROC ALSCAL provides Kruscal's Stress statistic and a 

squared correlation index (RSQ). The latter is recommended 

by Young and Lewyckyj (1979, p. 45) because "... it can be 

interpreted as indicating the proportion of variance of the 

optimally scaled data accounted for by the MDS model." 

Factor analysis sometimes employs the scree-elbow criterion 

to determine the number of factors to retain, and Kruskal 

and Wish (1978, p. 54) suggest that a similar STRESS-
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elbow criterion is appropriate to determine the number of 

dimensions to retain. Given Young and Lewyckyj's 

recommendation to use RSQ, this research determined 

diminsionality on the basis of the elbow in the RSQ plot. 

That is, the number of dimensions was that at which the 

slope changed and an approximately linear relationship 

appeared for all higher dimensions. 

Following the process demonstrated by Green and Rao 

(1972, p. 25), the data matrices for the experts were 

averaged before being submitted to MDS. The average matrix 

was submitted to PROC ALSCAL using parameters that result 

in classical multidimensional scaling (CMDS). Results were 

obtained for all dimensionalities from 1 to 6. A plot of 

RSQ versus dimensions produces a graph with an elbow at 

three dimensions for the experts (Figure 5.1). 

A supporting procedure demonstrated by Green and Rao 

(1972, p. 50) is to submit the individual data matrices to 

weighted multidimensional scaling (WMDS) using the INDSCAL 

option and to use the overall goodness of fit values 

derived from the internally calculated average. The 

experts' data matrices were scaled and RSQ values were 

obtained for dimensionalities from 1 to 6. Again, a plot 

of RSQ versus dimension for the experts shows an elbow at 

three dimensions (Figure 5.2). 
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Statistical Stability 

The statistical stability of the scaling results may 

be evaluated by scaling subsets of the data to see if 

similar results are obtained (Shepard, 1972, p. 9). 

Subsets of the subjects were selected by generating sets of 

random numbers and using the first eleven unique values to 

identify subjects for inclusion in the subset. Two 

independent subsets were aggregated and scaled using CMDS. 

The plotted results show the elbow at three dimensions for 

the experts (Figure 5.1). 

Comparability of dimensions is an issue in comparing 

the subset results with the result from the whole sample. 

If the dimensions are the same (have the same meaning) when 

analyzing different samples, then like stimulus items will 

be positioned similarly with respect to those dimensions. 

Pearson product moment correlation coefficients were 

calculated for the stimulus coordinates to insure the 

correspondence among the dimensions. The results 

demonstrate a high degree of correlation between the expert 

subsets' stimulus coordinates and the coordinates from the 

whole sample of experts (Table 5.1). 

Interpretability 

In addition to the variance-related criteria, the 

criterion of interpretability exists; Dillon and Goldstein 
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Table 5.1. Correlations of Dimensions among 

Experts and Expert Subsets. 

Al A2 A3 

Bl 0.96716 0.02586 0.11064 
0.0001 0.9090 0.6240 

B2 0.06697 -0.86084 0.35873 
0.7672 0.0001 0.1011 

B3 -0.09249 -0.37772 -0.87764 
0-6823 0-0831 0.0001 

CI 0.98275 0.08729 0.02519 
0.0001 0.6993 0.9114 

C2 0.03656 0.65572 0.67231 
0.8717 0.0009 0-0006 

C3 0.06090 -0.70853 0.69712 
0.7878 0.0002 0.0003 

Note 1: A1-A3 = all subjects, B1-B3 = subset 1, 
C1-C3 = subset 2 

Note 2: Pearson correlation coefficients/ 
PROB > iRl under H0:RHO=0 
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(1984, p. 146) warn, "... dimensions that cannot be 

interpreted probably do not exist." Even though the plot 

of RSQ versus dimensions may show an elbow at a given 

dimensionality, the dimensions must be interpretable. 

Interpretation of the experts' first dimension is 

obtained by examining the plot of stimulus coordinates on 

Dimension One and Dimension Two (Figure 5.3). A vertical 

line through 0.0 establishes a linear division between data 

or input/output items and process items. Schiffman et al. 

(1981, p. 12) recommend using items at the extremes to 

determine the meaning of a dimension. At one extreme of 

this dimension are "input file history" (B), "record 

description" (E), and "load module history" (F); at the 

other extreme are "insert EXHIBIT" (6), "insert DISPLAY" 

(5), "trace control flow" (3), "loop control" (K), and "IF 

statement logic" (L). This arrangement is the basis for 

interpreting the first dimension as an data versus process 

dichotomy. 

Interpretation of the experts' second dimension also 

depends on the plot in Figure 5.3. At one extreme of this 

dimension are "cross-reference listing" (C), "load module 

history" (F), and "initialization" (G); at the other end 

are "last input record" (8), "first input record" (7), 

"printed report" (D), and "transaction amount" (A). 

Elements from the same categories are arranged in 
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approximately the order in which they are employed in the 

program, for example among the low level semantic items the 

order is "initialization" (G), "assignment" (I), "IF 

statement logic" (L), "accumulator" (H), and "loop control" 

(K) . The information items are arranged in order of 

creation, "cross-reference listing" (C), "load module 

history" (F), "input file history" (B), and "printed 

report" (D) . This arrangement leads to the interpretation 

of the second dimension as a temporal or sequential 

dimension. 

Interpretation of the third dimension is based on a 

plot of stimulus coordinates in Dimension One and Dimension 

Three (Figure 5.4). The third dimension is interpreted as 

a debugging heuristic dimension. At one extreme are 

"printed report" (D), "load module history" (F), "trace 

backwards from symptoms" (1), and "THE REAL PROBLEM" (M) ; 

at the opposite extreme are "initialization" (G), "insert 

DISPLAY" (5), "assignment statement" (I), and "unsigned 

variable" (J) . At the one extreme are items to be 

considered first or processes to be done first; at the 

other extreme are last processes and improbable direct 

diagnostics. This layout is the basis for interpreting the 

third dimension as a debugging heuristic dimension. 
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Supporting Analyses 

Green and Rao (1972) demonstrate a method of 

supporting the dimensionality assessment. The method 

involves scaling each group in two dimensions and then 

generating hierarchical clusters from the same distance 

data. The clusters are then illustrated with contour lines 

on the plots of the stimulus items in two dimensions. 

Clusters that connect nonadjacent items are interpreted as 

evidence that there is a third dimension wherein the items 

are much closer than shown in the first two dimensions. 

The plot of the experts' clusters shows only two distinct 

groups, a data group and a group in which programmer 

processes are connected to program processes (Figure 5.5). 

The amount of nonadjacent connections shown in these 

clusters is evidence of a third dimension. The conclusion 

that arises is that a third dimension is involved in the 

experts' relatedness ratings. 

Although the assumptions underlying factor analysis 

are not met in the data, a principle components analysis 

was performed to see if the structure is robust. The 

externally aggregated distance matrix of the experts was 

converted to similarity matrix wherein large values 

represent a high degree of association between items. 

These were then submitted to factor analysis. The scree 

plot from the analysis shows a three factor model for the 
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experts (Figure 5.6). Clearly, the structure underlying 

the data is robust to the data reduction method employed. 

Conclusion 

The MDS results for the experts supports the position 

that experts relate the task-related items on three 

dimensions. This conclusion is based on analysis of the 

MDS results for goodness-of-fit, statistical stability, and 

interpretability and is supported by the results of cluster 

analysis and factor analysis. 

Hypothesis 2.: Dimension Eguivalence 

The second hypothesis involves comparing the factors 

identified by Koubek (1987, p. 78) with the dimensions 

found in the present study to determine whether they are 

equivalent. The dimensions identified in the analysis for 

Hypothesis 1 are those considered: data-process dichotomy, 

temporal sequence, and debugging heuristics. Koubek lists 

abstract representation, information search heuristics, and 

solution heuristics as the factors underlying the activity 

of his subjects; each of these is considered in relation to 

the dimensions. 

Koubek's solution heuristics factor appears to 

correspond to the debugging heuristics dimension when the 

differences in type of maintenance are considered. The 

cluster analysis (Figure 5.5) demonstrates associations 
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between programmer processes, program elements, and "THE 

REAL PROBLEM," and these associations suggest goal-oriented 

relationships. Koubek (1987, p. 78) bases his 

interpretation of the solution heuristics factor on the 

type of goals evidenced by the subject. The similarity of 

interpretations in light of the goal differences support a 

judgement that the debugging heuristic dimension and the 

solution heuristic factor are equivalent. 

Among the dimensions identified in the present study, 

none correspond to Koubek's information search heuristics. 

Given Koubek's conclusion that the type of information 

search was not different between groups of subjects, the 

failure to identify an information search dimension does 

not detract from the findings of this research. 

Koubek's abstract model factor is the discriminator 

between skill level in his study. Higher skill levels are 

associated with development of an abstract model, and the 

lesser skill levels are associated with development of a 

detailed model (Koubek, 1987, p. 80). Two models emerge as 

dimensions in the present research, the data-process 

dichotomy and the temporal or sequential dimension. These 

two are not inconsistent with Koubek's findings; they 

represent the two types of models—abstract and detailed. 

Therefore, the conclusion is that these two dimensions are 

accounted for in Koubek's abstract model factor. 
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In summary, no inconsistencies are identified in 

comparing Koubek's findings with those of the present 

research. A solution heuristics dimension exists in both. 

Koubek's abstract model is represented by two dimensions in 

the present study, and they may be interpreted as lying at 

opposite ends of the abstract-detailed dichotomy that 

Koubek describes as a discriminator of skill level. 

Finally, no parallel is found in the present study for 

Koubek's nondiscriminating information search heuristics. 

Hypothesis 3.* Novices' Dimensionality 

This analysis parallels the analysis of the experts' 

dimensionality. The rationale for the analysis is the same 

as given above in the experts' analysis. 

Goodness of Fit 

The novices' relatedness ratings were averaged and 

then submitted to CMDS. A plot of the variance accounted 

for by each dimensionality in the novices' relatedness 

ratings shows an elbow at two dimensions (Figure 5.7). 

The individual data matrices were submitted to WMDS, 

and the overall variance accounted for by each 

dimensionality was plotted (Figure 5.8). The plot shows 

an elbow at two dimensions. 
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Statistical Stability 

Two independent subsets of novices were selected using 

a list of random numbers. Separately, these two subsets 

were aggregated and scaled using CMDS. The plotted results 

show an elbow at two dimensions (Figure 5.7). 

Correlations of the stimulus coordinates are used to 

evaluate the dimensional consistency produced by scaling 

the sets of data. The novice subsets' stimulus coordinates 

correlate highly (minimum rho = -.88) with the stimulus 

coordinates from the whole sample of novices (Table 5.2). 

Interpretability 

The meaning of the novices' dimensions is interpreted 

in the same manner as the experts' dimensions, based on a 

plot of the novices stimulus coordinates on Dimension One 

and Dimension Two (Figure 5.9). The novices' first 

dimension is the same as the experts' first dimension. 

Again, the dimension may be divided with data items on one 

side and process items on the other side. 

Interpretation of the novices' second dimension also 

is based on Figure 5.9. This dimension appears to be 

similar to the experts' second dimension, but the position 

of the extreme values also bears a resemblance to the 

experts' third dimension. To resolve the question, Pearson 

correlation coefficients were calculated using the 
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Table 5.2. Correlations of Dimensions among 
Novices and Novice Subsets. 

Al A2 A3 

Bl 0.94028 -0.30492 -0.05533 
0.0001 0.1676 0.8068 

B2 0.11551 0.95541 -0.14388 
0.6087 0.0001 0.5230 

B3 0.07692 0.11985 0.96368 
0.7337 0.5952 0.0001 

CI 0.92034 -0.40430 0.01641 
0.0001 0.0620 0.9422 

C2 -0.28508 -0.89316 0.22336 
0.1985 0.0001 0.3177 

C3 -0.06726 -0.22840 -0.88760 
0.7662 0.3066 0.0001 

Note 1: A1-A3 = all subjects, B1-B3 = subset 1, 
C1-C3 = subset 2 

Note 2: Pearson correlation coefficients/ 
PROB > |R| under H0:RHO=0 
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dimensional coordinates of the stimulus items. The 

novices' second dimension has a weak correlation with the 

experts' second dimension (rho = .377, p = .08), and it has 

a stronger negative correlation with the experts' third 

dimension (rho = -.523, p = .01). On the basis of these 

findings, the interpretation of the novices' second 

dimension is a solution heuristic dimension. 

Supporting Analyses 

Cluster analysis of the novices' relatedness ratings 

was performed. The plot of the novices' clusters shows 

three distinct groups, data items, programmer processes, 

and program processes (Figure 5.10). No close connections 

are formed between the programmer processes and program 

processes as in the experts clusters (Figure 5.5), and this 

observation permits the novices' debugging heuristic to be 

characterized as a general process that is not well 

integrated. The concentration within the three clusters is 

evidence that a third dimension is not needed. 

As with the experts' data, a factor analysis was 

performed on the novices' relatedness data. A scree plot 

of the eigenvalues shows an elbow at two factors (Figure 

5.11) . 
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Conclusion 

The MDS results and the analyses support the conclusion 

that the novices relate the task-related stimuli on two 

dimensions. The first dimension is a data-process 

dichotomy like that in the experts' results. The second 

dimension is a debugging heuristic; however, the novices' 

debugging heuristic lacks the level of integration evident 

in the experts' debugging heuristic. Like the experts' 

dimensionality, the novices' dimensionality appears to be 

robust with regard to the data reduction techniques 

employed. 

Hypothesis 4.: Discrimination 

The fourth hypothesis involves development of a three-

dimensional model that can discriminate between experts 

and novices. This analysis proceeds with the development 

of the model and a test of group differences. 

The Model 

The model was developed empirically by selecting a 

small (4) subset of experts and testing the CMDS result 

as a benchmark. Tenure in the data processing profession 

was used as the selection criterion for the subset. Four 

of the most senior experts were selected to form the 

benchmark. 
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The subset was tested by scaling the group using the 

INDSCAL option to develop the benchmark stimulus 

configuration. The benchmark stimulus configuration was 

then passed to into a separate MDS process that held the 

orientation of the dimensions constant and adjusted the 

individual's weights on each dimension to accomplish a best 

fit to the benchmark. Each subject was evaluated against 

the benchmark configuration separately. The individuals' 

dimension weights were then merged into one data file and 

submitted to discriminant analysis, and the accuracy of the 

resulting classification was evaluated. Accuracy was based 

on errors in matching the a priori expert-novice 

classification made during subject selection. The minimum-

error benchmark yielded eight apparent misclassifications. 

The results from this minimum-error benchmark were used for 

subsequent evaluations of group differences and dimensional 

saliency. 

The discriminant analysis classification is based on 

the probability of being an expert produced by the 

discriminant function. For the minimum-error benchmark, 

the discriminant function is 

D = 6.182 - 8.312 Dl + 12.206 D2 - 22.325 D3. 

Values of D > 0 imply a novice classification and values of 

D < 0 imply an expert classification. The discriminant 
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coefficients show that experts weight Dimension One and 

Dimension Three heavily and novices weight Dimension Two 

heavily. The posterior probability of being an expert is 

given by 

P = 1 /(I + e° ). 

Of the apparently misclassifled subjects, three of the 

expert group were classified as novices and five of the 

novices were classified as experts. Biographical data was 

used to evaluate the experts who were misclassif led. The 

three experts reported a substantial amount of time (2 60 

weeks, 136 weeks, and 104 weeks) since their last software 

maintenance activity involving COBOL. It is believed that 

lack of recent experience may be responsible for these 

individuals' responses and resulting classification as 

novices. 

The apparent misclassifications of novices were also 

studied in light of the biographical data collected. Two 

of the novices had completed a large (for this sample) 

number of courses (10 and 7) and had taken several (8 and 

5) programming courses. The other three individuals had 

nothing in their background that could account for their 

higher classification. Removing the rationalized errors 

from the error count leaves three misclassifled individuals 

out of 44 for an error rate of 6.8 percent. 
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Group Differences 

The individual's dimensional weights form a vector in 

three dimensions. A comparison of two groups on the basis 

of the individual dimensional weights requires comparing 

the angles of the resulting vectors (Schiffman et al., 

1981, p. 299). The analysis of angular data requires an 

approach that is analogous to analysis of variance for 

linear data. 

The following description of analysis of angular 

variance (ANAVA) is adapted from Schiffman et al. (1981, p. 

299-319]. ANAVA is based on subject weights normalized so 

that the length of each subject's vector is 1. Subsequent 

analysis is based on a unit sphere. The mean direction of 

a set of vectors (group of subjects) is determined by 

calculating the mean weight (Wj ) on each dimension. The 

mean resultant length (RBAR) is 

RBAR = SQRT (wf + Wĝ  + Ŵ )̂ . 

RBAR is related to the index of angular variation (SBAR) by 

SBAR = 1 - RBAR. 

If all of the vectors have identical directions, RBAR will 

be 1, and therefore, SBAR = 0; if half of the vectors lie 

in one direction and the other half lie in the opposite 

direction, RBAR will be 0, and therefore, SBAR = 1. This 



and other patterns give the maximum variation, SBAR = 1. 

Recalling that RBAR is the mean resultant length, the 

resultant length (R) may be expressed as 
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R = m * RBAR 

where m is the number of subjects. From this we may define 

the total variation as 

m * SBAR = m (1 - RBAR) 

= m - R 

or the total sum of squared angular deviations. Because 

m * SBAR has the property of separability, it may be 

expressed as 

m * SBAR = (m - ZR'J + ( 2 R̂  - R) 

where Rĵ  is the resultant length for the L th group. The 

degrees of freedom are known for each source of variation. 

The ratio of mean squares approximates the F distribution 

when the normalized weight vectors approximates a von Mises 

distribution and when RBAR > .67. 

According to Watson (1983, p. 79), "By the Central 

Limit Theorm, the Gaussian Distribution should have been 

the result of the measurements subjected to many small 

independent errors of similar order of magnitude." The 

condition of independence of observations is satisfied 
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because all subjects tested separately and scaled 

separately against the model. The sample size is 44 and 

therefore it will be assumed that the distribution can be 

approximated by the Gaussian distribution. Watson (1983, 

p. 111-118) demonstrates that for small values of SBAR the 

von Mises-Fisher distributions and the Gaussian 

distributions are numerically similar and may be used to 

approximate each other for statistical testing. 

Using SBAR = l - RBAR, SBAR = .0036 from the data in 

Table 5.3. The mean resultant lengths (RBAR) exceed the 

threshhold of 0.67 given by Schiffman et al. (1981, p. 

307), therefore the distributions are not uniform on the 

sphere and analysis may continue. An ANAVA was performed 

(Table 5.3) using a SAS IML procedure (Appendix D) 

developed from FORTRAN source code given by Schiffman et 

al. (1981, p. 314-318). The expert and novice groups 

differ significantly (F = 12.29, P > F = 0.001). 

The normalized dimensional weights used in ANAVA are 

the cosines of the individual's vector with respect the 

dimensional axis. The mean vector coordinates indicate 

that experts weight Dimension One more than novices, that 

novices weight Dimension Two more than experts, and that 

experts weight Dimension Three more than novices. These 

findings are in accord with the observations about the 

discriminant function. 
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Table 5.3. ANAVA Results for Programmer Weights. 

DESCRIPTIVE STATISTICS 

GROUP 

EXPERT 
NOVICE 
TOTAL 

N 

19.00 
17.00 
36.00 

RBAR 

0.9976 
0.9971 
0.9964 

STD DEV 

0.1072 
0.1166 
0.1305 

MEAN 

0.6565 0, 
0.6201 0, 
0.6394 0, 

VECTOR 

.5307 0.5314 

.6022 0.4971 

.5645 0.5152 

ANALYSIS OF ANGULAR VARIANCE (ANAVA) TABLE 

SOURCE SS DF MS 

BETWEEN 
WITHIN 

GROUPS 
GROUPS 
TOTAL 

.0342391 

.0947067 
0.1289 

2.0000 
68.0000 
70.0000 

.0171195 

.0013927 
12.2919 
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Hypothesis 4a: Equivalence on Dimension i 

TO test the significance of the differences found 

using ANAVA, a median test was performed using the 

normalized weights. The results show that experts weight 

Dimension One significantly more than do novices (chi sq = 

5.31, P > Chi sq = 0.0212) (Figure 5.12). 

To verify the importance of the dimension in the 

discriminant model, the discriminant analysis was performed 

with the Dimension One variable removed from the analysis 

(Table 5.4). With Dimension One removed, the number of 

misclassifled subjects increased to nine from eight and the 

number of unexplained misclassifications to five from 

three. The misclassifications include one additional 

expert and a switch in novice classifications such that one 

explained novice misclassification was reclassified to 

novice and another novice who could not be explained was 

classified expert. Therefore, it is concluded that 

Dimension One contributes to the accuracy of the 

discrimination model. 

Hypothesis 4b: Equivalence on Dimension 2 

Using the results of the same median test, novices 

weight Dimension Two significantly more than do experts (chi 

sq = 18.31, P > chi sq = 0.0001). Removal of the Dimension 

Two variable from discriminant model yielded nine apparent 
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ANALYSIS FOR VARIABLE Nl CLASSIFIED BY VARIABLE SKILL 

MEDIAN SCORES (NUMBER POINTS ABOVE MEDIAN) 

SUM OF EXPECTED STD DEV MEAN 
Î EVEL N SCORES UNDER HO UNDER HO SCORE 

1 19 13.00 9.50 1.52 0.68 
0 17 5.00 8.50 1.52 0.29 

MEDIAN 1-WAY ANALYSIS (CHI-SQUARE APPROXIMATION) 
CHISQ= 5.31 DF= 1 PROB > CHISQ=0.0212 

ANALYSIS FOR VARIABLE N2 CLASSIFIED BY VARIABLE SKILL 

MEDIAN SCORES (NUMBER POINTS ABOVE MEDIAN) 

LEVEL 

1 
0 

N 

19 
17 

SUM OF 
SCORES 

3.00 
15.00 

EXPECTED 
UNDER HO 

9.50 
8.50 

STD DEV 
UNDER HO 

1.52 
1.52 

MEAN 
SCORE 

0.16 
0.88 

MEDIAN 1-WAY ANALYSIS (CHI-SQUARE APPROXIMATION) 
CHISQ= 18.31 DF= 1 PROB > CHISQ=0.0001 

ANALYSIS FOR VARIABLE N3 CLASSIFIED BY VARIABLE SKILL 

MEDIAN SCORES (NUMBER POINTS ABOVE MEDIAN) 

SUM OF EXPECTED STD DEV MEAN 
LEVEL N SCORES UNDER HO UNDER HO SCORE 

1 19 12.00 9.50 1.52 0.63 
0 17 6.00 8.50 1.52 0.35 

MEDIAN 1-WAY ANALYSIS (CHI-SQUARE APPROXIMATION) 
CHISQ= 2.71 DF= 1 PROB > CHISQ=0.0998 

Figure 5.12. Results of Median Tests on Dimension Weights. 
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Table 5 . 4 . E f f ec t s of Dimension Variables on 
Discrimination Results . 

DIMENSION 
VARIABLES 

Dl D2 D3 
Dl D2 
Dl D3 

D2 D3 

Dl 
D2 

D3 

TOTAL 
MISCLASSIFIED 

8 
13 
9 
9 

15 
16 
9 

UNEXPLAINED 
MISCLASSIFICATIONS 

3 
8 
5 
5 

10 
11 

4 
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misclassifications, five of which could not be explained. 

The additional misclassification is a novice, and a switch 

in expert classifications resulted in an additional 

unexplained misclassification. Dimension Two contributes 

to the discrimination model to the same degree as Dimension 

One. 

Hypothesis 4c: Eguivalence on Dimension 3. 

Finally, using the results of the median test, experts 

weight Dimension Three more than novices (chi sq = 2.71, 

P > chi sq = 0.0998). When the Dimension Three variable 

was removed from the discriminant model, 13 apparent 

misclassifications resulted and eight unexplained 

misclassifications remained after examination. Therefore, 

it is concluded that Dimension Three is significant to the 

model. 

Test Group 

To test the ability of the benchmark stimulus 

configuration and the derived discriminant function to 

classify subjects, a sample of 15 professional programmers 

and 15 students were selected. The mean tenure in the 

data processing profession was 5.18 years, COBOL experience 

averaged 3.44 years, and software maintenance experience 

averaged 3.74 years. The mean number of weeks since their 

last software maintenance activity was 23.20 weeks. The 
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sample of students averaged 2.93 programming courses, 1.27 

COBOL courses, and 4.00 information systems courses. These 

30 subjects were tested with the computer-based instrument. 

Each of the test group was scaled separately against 

the benchmark configuration. The individual dimensional 

weights were submitted to discriminant analysis using the 

discriminant function developed from the experts and 

novices. A priori, it was expected that the students would 

be classified as novices and the professional programmers 

would be classified as experts. The classification of the 

test group placed 14 of the students in the novice category 

and 10 of the professional programmers in the expert 

category (Figure 5.13). The classification was based on 

posterior probability of being an expert; 0.5 was used as 

the demarcation between expert and novice. 

Of the five working programmers classified as novices, 

the lowest classification was to one who claimed no 

software maintenance activity for more than 300 weeks. The 

next two lowest classified had low experience levels (1 

year and 2.5 years). The remaining two misclassif led had 

more than three years of experience, but less than four 

years. The novice who was classified expert (P = 0.5019) 

had no characteristics that could be used to account for 

his classification. The unexplained "misclassifications" 

yield an accuracy of 90 percent. 
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Summary 

The data analysis shows that experts' responses have 

an underlying three-dimensional structure and that novices' 

responses have a two-dimensional structure. The developed 

model discriminates between experts and novices. When 

known information is used to eliminate misclassifications, 

the model has an error rate of less than 10 percent (3 out 

of 44) . Consistent with the findings on dimensionality, 

the discrimination is based partially on the debugging 

heuristic dimension. However, strong distinctions between 

experts and novices appear in the temporal (sequential) 

dimension and in the data-process dimension. Analysis of 

the dimensions shows that experts differ significantly from 

novices on both Dimension One and Dimension Two. The 

difference on Dimension Three is weaker, but it contributes 

to the accuracy of the discrimination model. The 

relationship of these findings with the findings of other 

researchers follows in Chapter 6. 



CHAPTER VI 

DISCUSSION 

The findings of the present research bear on theories 

of expertise and learning as well as previous research on 

programmer expertise. This discussion examines the 

findings in the order the hypotheses have been presented. 

The findings of each is discussed first with respect to 

previous research on software maintenance and then with 

respect to two general theories on problem solving and 

expertise. 

Hypotheses 1 and 2: Experts' Dimensions 

This exploratory research has found a three-

dimensional structure for experts using multidimensional 

scaling, cluster analysis, and factor analysis. The 

underlying dimensionality is robust with regard to the 

type of data reduction technique employed. Such robustness 

supports a judgment that the underlying structure is real 

and not a statistical accident. 

The finding that three dimensions underlie the 

experts' responses does not contradict the work of Koubek 

(1987) or Vessey (1985). Differences in the data 

collection methods and the type of data collected lead to 

an expectation of differences in results. However, the 

nature of the three dimensions is significant to relating 

85 
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the present research to earlier work, and the discovery of 

common elements will provide support for earlier findings. 

Intuitively, one would expect parallels in research 

that involved similar tasks and categories of subjects, 

i.e., Vessey's (1985) research on debugging, and fewer 

parallels in research that used a different task and/or 

different categories of subjects, i.e., Koubek's (1987) 

work on software modification using experts and super-

experts. The similar elements are interesting in that they 

point toward common methods of measurement and training. 

The differences point to areas for future research. 

Koubek (1987, p. 80) determines that the development 

of an abstract representation and not the search strategy 

is the significant factor in expert-superexpert 

classification. He does not characterize the abstract 

representation, and therefore further comparison of results 

is not possible. In the present research, the prominence 

of two abstract representations, data-process dichotomy and 

temporal sequence, in the experts' structure supports 

Koubek's findings that the abstract model is significant to 

expertise. 

Either the data-process dimension or the temporal 

sequence dimension may be interpreted as a system view. The 

data-process dimension may be seen as a general system view 

with the data portion containing the input and output 
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elements and the process portion containing processes and 

components of processes. The temporal sequence may be seen 

as a detailed system view with the elements of a program 

arranged in their approximate order with inputs and outputs 

positioned appropriately, with either interpretation, 

Vessey's (1985) finding that experts form a system view is 

supported. 

The solution heuristics dimension is common to the 

present research and the two works cited. Although Koubek 

(1987, p. 82) identifies solution heuristics as a factor 

in experts' activities, he cannot distinguish between skill 

levels on the basis of solution heuristics, possibly 

because of equal development of solution heuristics in the 

two subject groups or because the unfamiliar task did not 

permit the subjects to employ specific heuristics. 

Conversely, Vessey (1985) discriminates experts from 

novices on the basis of the experts' smooth switching 

between hypotheses. Vessey's criterion may be interpreted 

as evidence that experts hold a number of rules that may be 

applied as the situation dictates. The associations of 

processes with programming semantics implies rules that are 

applicable to varying situations; thus, by implication 

Vessey's criterion is supported. 

The relation of the findings about expert knowledge to 

theories of expertise and theories of problem solving will 
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be discussed following a discussion of the findings about 

novices. The findings about experts and novices bear more 

meaningfully on theories of expertise when in juxtaposition 

than when considered separately. 

Hypothesis 3.: Novices' Dimensionality 

The finding that novices have an underlying two-

dimensional structure, like the three-dimensional structure 

of the experts, offers no support or contradiction to the 

work of Koubek or Vessey. The interpretation of the 

dimensions of the novices does support Vessey's finding 

that novices do not switch hypotheses about the source of 

error. This support arises in the lack of integration in 

the debugging heuristic dimension and the lack of a 

temporal or sequential model. That is, the novices 

apparently have no set of associations that allow switching 

of hypotheses, and the lack of a clear temporal or 

sequential model (the experts' second dimension) hampers 

causal inferences about potential sources of error. Thus, 

Vessey's observations are supported by the present 

research. 

General theories of problem solving and expertise 

are proposed by Dreyfus and Dreyfus (1986) and Scandura 

(1977). These two theories are used to evaluate the 

findings of this research. 
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The results of the analysis of dimensionality clearly 

suggest that experts have a more complex knowledge 

organization than novices. The experts relate programmer 

processes to program semantics in a debugging heuristic 

dimension, and novices do not relate programmer processes 

to program semantics in that dimension. This finding is in 

accord with the characteristics of expertise postulated by 

Dreyfus and Dreyfus (1986, p. 21-36), to wit, experts 

have more developed patterns of associations than do 

novices. Moreover, skilled performers use situational 

factors to recognize which rule or operation to apply. In 

this research, associations of programming constructs with 

programmer actions may be interpreted as evidence of rules 

for action when confronted with a given type of program 

construct. 

Scandura (1977, p. 96) poses a problem-solving model 

in which a repertoir of automatic rules may be used to 

account for problem-solving performance, that is, a person 

with an existing rule base is able to apply the appropriate 

rule to the problem situation rather than use the longer 

process of developing a rule from more general causal 

knowledge or finding a rule in an analogous domain. In the 

experts' clusters are seen associations between programmer 

processes and program semantics that are not seen in the 

novices' clusters. In light of Scandura's model, it may be 
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postulated that the associations of processes to semantic 

items in the experts' third dimension reveal an empirically 

derived appropriateness-of-use based on effectiveness, 

reliability, or some other criterion, and as such would 

contribute to skilled performance. The findings of this 

research support Scandura's position that performance in 

problem solving depends in part on possession of set of 

solution heuristics (rules). 

Scandura's model (1977, p. 108) also allows chunk 

size to influence performance in that a less skilled person 

with smaller chunk size will require more operations and 

therefore take longer to solve a given problem. Adelson 

(1981) interprets the clusters of a hierarchical clustering 

algorithm as representing chunk characteristics. Using 

Adelson's interpretation of cluster size, support for 

Scandura's model is provided by contrasting the two main 

clusters that are evident in the experts' data with the 

three smaller clusters of the novices. 

The dimensions, data-process dichotomy, temporal or 

sequential order, and solution heuristics, may be related 

to general theories, but the relationships between the 

dimensions and the general theories may be elaborated in 

the context of the weights of experts and novices on those 

dimensions. The weights of experts and novices on the 

dimensions arise from the discrimination model. 
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Hypothesis 4: Discriminant inn 

The discrimination model is the pattern of stimulus 

coordinates that produces subject weight vectors; the 

weight vectors are usable in classifying the subject. Of 

interest to both previous research and general theory is 

the difference between experts and novices in the relative 

weight that each group attaches to the dimensions. The 

weight of a subject on a dimension is an indication of the 

amount of variance in the subjects' relatedness ratings 

that can be accounted for by that dimension. And by 

implication, the weight is an indication of the amount of 

influence a dimension has on the subjects' responses. 

The empirically developed discrimination model 

supports Vessey's work on expert-novice discrimination. 

The model based on the experts' dimensionality clearly 

holds the same factors that Vessey used in discriminating 

between experts and novices. The present research does not 

explore the differences between higher levels of expertise 

and therefore does not relate directly to Koubek's work; 

however, the fact that Koubek notes differences between 

levels of expertise on the abstract representation factor 

raises the speculation that the abstract representation 

dimension may be generalizable to all levels of expertise 

and to other software maintenance tasks. 
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Dreyfus and Dreyfus (1986, p. 28) state that recent 

experience will condition the proficient performer's 

responses. Consistent with their assertion is the finding 

that a novice-like pattern of responses is related to a 

lack of recent experience in the problem situation. 

However, it should be noted that lack of recent experience 

is not consistently related to novice-like responses; eight 

of the expert subjects reported lack of recent experience 

and only three of them were classified as novices. The 

remaining individuals with lack of recent experience were 

classified as experts, although all but one had low (less 

than 0.8) probability of being an expert. 

The overall success of the combination of the 

instrument, the data reduction technique, and the model in 

producing data that yields an accurate classification 

result gives hope that further research can produce a 

measure of programmer skill in software maintenance. 

Allowing for the explained misclassifications, the error 

rates of 6.8 percent and 10 percent are low enough to 

encourage efforts to study the predictive validity of this 

model. This success also suggests that similar studies 

with differing problem scenarios and differing stimulus 

items may yield other insights to programmer knowledge 

related to software maintenance. 
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Hypothesis 4a: Data-Prnn^«.e Dichotomy 

The emergence of the data-process dimension rather 

than an information search dimension as proposed by Koubek 

(1987, p. 78) may be accounted for in at least two ways: 

(1) the data-process dimension subsumes an information 

search component; or 

(2) the information search dimension is one of the 

higher dimensions that is not distinguishable from 

random error. 

In either case, the present research supports Koubek's 

(1987, p. 80) finding that information search strategies 

are not a significant discriminator, but the resulting 

abstract representation is significant. 

The position for this research is (2) above, 

information search was undetectable in the higher 

dimensions, and the data-process dimension is a 

distinguishable, separate abstraction. The fact that 

experts are salient on this dimension relative to novices 

also suggests, as Koubek (1987, p. 75) finds, that higher 

skill levels are associated with abstract representation. 

Further research with different problem types and different 

skill mixes is needed to determine the place of the data-

process dimension relative to the temporal dimension. 
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the temporal sequence more than experts, require 

examination. 

The knowledge used by novices is context-free and is 

arbitrarily used to select rules and derive diagnoses 

(Dreyfus & Dreyfus, 1986, p. 21). The temporal sequence or 

operation sequence may be interpreted as an example of 

context-free knowledge. Such information would be expected 

to be stable regardless of context. The fact that novices 

weight the temporal sequence dimension more than experts is 

therefore consistent with the Dreyfus and Dreyfus model. 

The data-process dichotomy appears to be a more 

flexible classification than the temporal sequence. The 

use of output from one process as input to another process 

admits a degree of context sensitivity that is not apparent 

in the temporal dimension. The experts' relatively higher 

weight for the data-process dimension is also consistent 

with the Dreyfus and Dreyfus model. 

Hypothesis 4c; Debugging Heuristic 

The experts' weight on the debugging heuristic 

dimension supports Vessey's observations about expert 

performance in relation to novice performance. The 

interpretation of the experts' heuristic structure in light 

of Vessey's findings is given in the earlier discussion. 
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The debugging heuristics lack of salience in the 

novices' structure reflects its lack of integration 

therein. Lacking integration, it becomes a general outline 

of approach and no programmer processes are closely 

associated with "THE REAL PROBLEM." As a general outline 

of approach only, its influence on the novices' evaluation 

of relationships is small relative to the influence of the 

more specific, context-sensitive associations in the 

experts' debugging heuristic. 

Dreyfus and Dreyfus (1986, p. 21-28) describe the 

acquisition of expertise as the development of rules and 

integration of the knowledge related to those rules. That 

experts should weight the debugging heuristic dimension 

more than novices is consistent with the concept that 

experts have more rules and depend on them, regardless of 

whether the the use of the rules is completely automatic. 

Therefore, the salience of the debugging heuristic 

dimension is viewed as consistent with the Dreyfus and 

Dreyfus model of expertise. 

Conclusion 

The three dimensional structure that emerges in 

this research supports the findings of earlier researchers 

in the realm of software maintenance. The three dimensions 

and their relationship to experts and novices is consistent 
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with general theories of expertise and problem solving. 

The fact that the three dimensions, data-process 

abstraction, temporal sequence, and debugging (solution) 

heuristics, may be interpreted in the same way that other 

software maintenance researchers have interpreted their 

findings suggests that these dimensions may be generalized 

to all types of software maintenance. The proposition that 

these factors may be general to all software maintenance 

calls for further research to test that proposition. 

Implications for Researchers 

The use of the instrument to categorize skill levels 

was an immediate objective of this research. The benchmark 

developed from the four most experienced subjects proved to 

be an effective discriminator with the test group, but 

further research is needed to ascertain the predictive 

validity of the instrument. Laboratory tests with timed 

debugging tasks and expertise measurements made with the 

instrument, the MDS benchmark, and the discriminant 

function would be appropriate. Use of similarly derived 

results as a covariate for multiple treatment laboratory 

experiments would also help establish the predictive 

validity of the instrument and the analytic procedures 

described in this research. 
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Should the instrument be demonstrated to be a 

performance predictor for problems like that used in the 

instrument scenario, the question of whether the present 

instrument can be used to predict performance on problems 

outside the problem scenario will remain for research. 

Also open for study is the difference in stimulus 

configurations that may arise from changes in the problem 

scenario. 

Subject fatigue was a concern during trials of early 

versions of the computer-based instrument, and the size of 

the present instrument remains an element of concern. 

Future research is needed to reduce the size of the 

instrument and the time needed to complete it. As a 

practical matter, it is difficult to obtain subjects for 

more than the time needed to complete the present 

instrument; therefore, more elaborate research in which the 

present instrument would be only a pretest is either 

difficult or impossible to undertake. A shorter list of 

stimulus phrases would make the instrument a practical tool 

in field research. 

Although intuitively appealing as a skill factor, 

recency of experience has not been identified as such in 

previous research. The ability of recency of experience to 

account for lower-than-expected classifications of 

experienced subjects suggests that it should be evaluated 
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as a moderator of experience. Future research should 

include recency of experience as a relevant factor in 

studies of software maintenance expertise. 

Implicationc; for Practitioners 

The fact that two of the dimensions in this research 

have appeared in studies of two types of software 

maintenance suggests that these dimensions be used to 

direct training in those two types of maintenance. First, 

a temporal (sequence) viewpoint should be emphasized in 

software maintenance training. This should be coupled with 

a data versus process orientation. Trainees must know what 

processes are appropriate for each task (desired output) or 

subtask and what inputs are appropriate for each process in 

a given task. Moreover, the information value of each 

process and each item in the task environment should be 

made clear. Finally, more detailed solution heuristics 

should be taught for various tasks and subtasks. In 

general, the three dimensions, data-process dichotomy, 

temporal viewpoint, and solution heuristic, should be used 

to structure and focus software maintenance training. 

The experts' associations among the processes, 

concepts, and tangible items that resulted from cluster 

analysis may be used to infer applications for specific 
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techniques. The following are instances of such inferences 

that may be relevant to a training program: 

(1) tracing backward from symptoms is associated with 

the printed report; 

(2) tracing control flow is associated with (checking) 

loop control; 

(3) desk check paragraph is associated with (checking) 

if statement logic; 

(4) both (2) and (3) are highly related to tracing 

data flow and the real problem; and 

(5) inserting display and inserting exhibit statements 

are related to verifying initialization, 

assignment statement operation, and accumulator 

operation. 

Proficiency in the use of these strategies and the 

development of the higher-level abstract view may be 

fostered by practice. The development of a set of 

debugging problems that produce the desired associations 

and performance remains to be done. 

The ability of recency of experience to explain the 

misclassifled experts has managerial implications. This 

finding, although not a conclusive result, suggests some 

merit in either the practice of having a separate software 

maintenance staff or the practice of insuring that all 

programmers regularly perform software maintenance. 
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Summary 

The findings support the results of previous research. 

This research has demonstrated a methodology that produced 

an instrument that achieves a 90 percent classification 

accuracy. The findings suggest several avenues for future 

research, and the findings also suggest points of focus for 

programmer training and programmer management. 



CHAPTER VII 

CONCLUSION 

This final chapter recapitulates the findings of the 

present research, outlines the limitations of the research, 

and describes avenues for future research. 

Recapitulation 

This research has shown that the techniques used to 

measure USAF pilots' expertise can be applied to computer 

programmers. The computer-based instrument reduced data 

handling and made possible the testing of more subjects 

than some other techniques. This research has demonstrated 

the feasibility of developing an instrument for measuring 

programmer expertise in software maintenance. 

The responses of expert and novice programmers have 

been used to infer an underlying knowledge structure for a 

debugging problem. The underlying structure has three 

dimensions for experts, data-process dichotomy, temporal 

sequence, and debugging heuristics, and the underlying 

structure for novices has only two dimensions, data-process 

dichotomy and debugging heuristics. These findings support 

previous research in the area of debugging and software 

modification. 

A benchmark dimensional configuration was developed 

using four of the most experienced programmers. When all 

102 
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subjects were independently scaled against the benchmark, 

93 percent accuracy was achieved in classifying subjects in 

the primary study group and 90 percent accuracy was 

achieved with a separate test group. It was found that 

recency of experience was a significant factor in 

explaining apparent misclassifications. Unlike previous 

research, all three dimensions were found to contribute to 

the model. Elimination of any of them resulted in a higher 

error rate. 

Analysis of angular variation and other statistical 

tests showed that in comparison to novices, experts' 

response variance is weighted on the data-process dimension 

and on the debugging heuristic dimension. In contrast, the 

novices' response variance is weighted more on the temporal 

sequence dimension. This pattern of saliences may be 

interpreted as consistent with previous research and the 

Dreyfus and Dreyfus model of expertise. 

Limitations 

Although the dimensions found in this research may be 

interpreted to support the findings of other researchers, 

the findings in regard to dimensional salience and 

discriminatory contribution are limited to the problem 

statement and stimuli used in this research. Other problem 

statements or stimuli may produce different results. 
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The predictive ability of the benchmark and analysis 

technique has not been investigated. That is, the degree 

to which the results from this analysis predict performance 

on an actual debugging task has not been established. The 

results are only correlational with data processing and 

COBOL language experience. 

The form of the test, 231 pairs of stimuli, limits the 

number of semantic items and strategies that may be tested. 

Subjects tended to tire at the end of the test and may not 

have given the same amount of consideration to their 

answers. Another form of test, such as Q sorting, may 

produce equivalent results with a less tiring testing 

process. 

Future Research 

Several recommendations for future research have been 

offered in the discussion, but the first requirement is to 

assess the predictive validity of the instrument and the 

benchmark developed in this research and to refine its 

predictive ability. A second direction for future research 

is to assess the effect of other debugging problem 

scenarios. The third direction for future research is to 

extend the instrument to other types of software 

maintenance, developing additional stimulus lists and 

problem scenarios as needed. 
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In addition to the above, development of a less taxing 

instrument needs to be undertaken. Such an effort may 

exploit other data collection techniques, such as Q 

sorting, that will allow more stimuli to be considered in 

less time without diminishing the informational content of 

the responses. 

Finally, an effort must be made to incorporate the 

findings of the present research into programmer training. 

Such an effort should provide means to test the effect of 

the research findings both as knowledge and as direction in 

improving programmer productivity. 
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CONSENT FORM 

I hereby give my consent for my participation in the project entitled 

SsXiHaifi HaiQifiDaassi HfiaaurloH Erograassral ExEsrilas-
I understand that the person responsible for this project is Dr. David 

P. Hale, telephone (806) 742-2164. 

He or his authorized representative has explained that these studies 
are part of a project that has the following objectives: 
(1) To confirm that programming Icnowledge identified in previous 

research is significant in expert maintenance programmers. 
(2) To compare the relative importance of items of programming 

knowledge to expert programmers. 
(3) To compare the relative value of items of programming know

ledge to expert and novice maintenance programmers. 

He or his authorized representative has explained 
(1) the test procedures that will be followed and that the 

computer-based test is experimental, 
(2) that the test results are exploratory and cannot be construed 

to be an accurate evaluation of my skill, and 
(3) that my participation is voluntary. 

I understand that I will receive no payment for my participation. 

It has been further explained that the total duration of my participa
tion will be 2 hours and 30 minutes, that only Dr. Hale and other 
members of the dissertation committee will have access to the 
records and/or data collected for this study, and that all data 
associated with this study will remain strictly confidential. 

Dr. Hale or his representative has agreed to answer any inquiries I 
may have concerning the procedures and has informed me that I 
may contact the Texas Tech University Institutional Review Board 
for the Protection of Human Subjects, Texas Tech University, 
Lubbock. Texas 79409. or by calling (606) 742-3684. 

Signature of Subject Date 

Signature of Project Director or his Authorized Representative 

_ Date 

Signature of Witness to Oral Presentation 

_ Date 

Figure A.l. Consent Form. The sample has been reduced. 
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EXPERIMENT IDENTIFICATION: £ S j , l ^ 

How old are you? "ears 

How much •formal education have you had"!̂  _/ei>r3 

What xs vour current job title? 

Hov-« lonQ have you been with 
your current employer? years montris 

How much total experience in 

data processing do you have? years mcnths 

How much e::perience with COBOL do you have? years months 

How much experience in softviare 

maintenance do you have? years months 
How long has it been since you last worked 

on a so-ftware maintenance project? months wee^ s 

How long has it been since you per-farmed 
maintenance on a batch single--file program? months weeks 

What percent or your maintenance e;;perience has been devoted to 

each o-f the -following (10*/. increments are okay)? 

Batch processing 

On-line processing System level programs 
What percent o-f your maintenance experience has been in the 

-following environments (107. increments are okay)? 

IBM DOS(VSE) IBM OS 

IBM CMS DEC VMS 

PRIME Primes Honeywell 

Sperry Burroughs Data General 

Control Data Others 

Do you regularly use an interactive debuggerr 

Do you have a personal computer at your work desk? 

If so, which disk drive does it have? 5.25 

(a) 

Figure B . l . Questionnaire. (a) Page 1 
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EXPERIMENT IDENTIFICATION: ££j^^ 

Rank the following in order o-f importance to -finding the bug in the 
problem given for the computer based test. 

trace backward from symptoms 

trace control flow forward 

insert DISPLAY statements 

trace dataflow forward _ 

examine printed report 

desk chec^ suspicious paragraph 

examine input data file 

check load module history 

insert EXHIBIT statements 

Would you add any other action<3) to this list? If so, please 
1i st.them. 

Rank the following sources of information in order of importance to 
finding the bug given in the computer based test. 

load module history 

input data file 

cross-reference listing 

printed report 

job log 

input data file history 

transaction amount 

record description 

Would you add any other item(s) to this list? If so, please 
list them. 

(b) 

Figure B . l . (Continued) (b) Page 2 
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EXPERIMENT IDENTIFICATION: ££ll^ 
Rank the following as likely causes of the error described in the 
the computer based test. 

loop control 

accumulator 

IF statement logic 

input file 

initialization 

record description 

unsigned field 

assignment statement 

Would you add any other item(s) to this list? If so, please 
list them. 

Is there any other concept or item of knowledge that you feel is 
important to the debugging expertise of a COBOL programmer"" 

Was there any item in the computer-based test that confused you' 

Is there anything about the test, the computer, or screen display that 
made it difficult for you to take the test? 

(C) 

Figure B.l. (Continued) (c) Page 3 
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The influence of an individual stimulus item on the 

scaling results was evaluated with respect to "THE REAL 

PROBLEM." It is intuitively appealing that this stimulus 

may, of its own, cause the scaling algorithm to place a 

dimension in the solution that would not otherwise arise. 

To assess this possibility, the externally aggregated 

matrix for the expert dataset and for the novice dataset 

was submitted to CMDS. The entries for "THE REAL PROBLEM" 

were then removed from the matrices, and the resulting 21 

by 21 matrices were submitted to CMDS. 

The first analysis employed plots of stress versus 

dimensions. Because the stress plot is used to assess 

dimensionality, any shift in dimensionality due to the 

influence of a given stimulus should appear if the 

responses to that stimulus are removed from the data 

matrix. Stress plots from the experts show no meaningful 

difference between the plot with "THE REAL PROBLEM" and the 

plot without "THE REAL PROBLEM." Likewise, stress plots 

for the novices show no meaningful difference when "THE 

REAL PROBLEM" is removed from the data matrix. 

To assess the detailed influence of "THE REAL 

PROBLEM," the stimulus coordinates between the two 

solutions (with "THE REAL PROBLEM" and without "THE REAL 

PROBLEM") were compared using product-moment correlation. 

It was postulated that any influence on the dimensionality 
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of the solution would be reflected in the stimulus 

coordinates. Therefore, high correlations would indicate 

no influence and low correlations would indicate a 

significant influence. For the experts, the correlations 

between the two solutions were highly significant and in 

the range of 0.99 to 0.967 . For the novices, the 

correlations were highly significant and in the range 1.0 

to 0.97. 

From these analyses, it was concluded that "THE REAL 

PROBLEM" did not significantly alter the results of the 

scaling. Further, it was decided to include this stimulus 

item in all data matrices to aid in interpreting the 

scaling results. 
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/* This code adapted from a FORTRAN listing by */ 
/* Schiffman, Reynolds, and Young (1981) */ 
/* on pages 318-321 */ 

OPTIONS LS=65 NOCENTER NODATE NONUMBER; 
DATA SUBJWTS; 
INFILE TEMP3; 
INPUT N ID $ WIE W1-W3; 
RSQ = W1*W1 + W2*W2 + W3*W3; 
NF = SQRT(RSQ); 
Nl = Wl/NF; N2 = W2/NF; N3 = W3/NF; 
DROP N ID WIE Wl W2 W3 RSQ NF; 

PROC IML; 
USE SUBJWTS; 
READ ALL INTO X; 
EX = X( 
NO = X( 

1:19, ); 
20:36, ); 

* — calculate experts' mean direction; 
EDOT = EX(|+, I) ; 
EDOT = EDOT/19; 

* — calculate novices' mean direction; 
NDOT = N0(|+, I); 
NDOT = NDOT/17; 

* — calculate overall mean direction; 
TDOT = (19 * EDOT + 17 * NDOT)/36; 

* — normalize mean direction for each group and overall; 
* — to be used in distance calculations later; 
* — mean resultant lengths are an intermediate step; 
TEMP = ED0T##2; 
RMS = TEMP(I ,+I); 
RBAREXP = SQRT(RMS); 
NORMEDOT = EDOT/RBAREXP; 
TEMP = ND0T##2; 
RMS = TEMP(I ,+I); 
RBARNOV = SQRT(RMS); 
NORMNDOT = NDOT/RBARNOV; 
TEMP = TD0T##2; 
RMS = TEMP(I ,+I); 
RBARTOT = SQRT(RMS); 
NORMTDOT = TDOT/RBARTOT; 

(a) 

Figure D.l. ANAVA Program Listing. (a) Page 1. 
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— calculate "standard deviations"; 
SSTAR = (1.0 - RBAREXP) / (1.0 - SQRT(l/3)) 

SQRT(-2.0 * LOG(1.0 - SSTAR)); 
(1.0 - RBARNOV) / (1.0 - SQRT(1/3)) 
SQRT(-2.0 * LOG(1.0 - SSTAR)); 
(1.0 - RBARTOT) / (1.0 - SQRT(l/3)) 
SQRT(-2.0 * LOG(1.0 - SSTAR)); 
calculations; 

SDEXP = 
SSTAR = 
SDNOV = 
SSTAR = 
SDTOT = 
— ANAVA 

- 1) 
- 1) 

•k 

* 
(NOSUBJ 
(NOSUBJ 

+ 17 * (1.0 - RBARNOV) 

TOTDF = 2 * 35; /* ((NODIM 
WITDF = 2 * 34; /* ((NODIM 
BETDF = TOTDF - WITDF; 
TOTSS = 36 * (1.0 - RBARTOT) 
WITSS = 19 * (1.0 - RBAREXP) 
BETSS = TOTSS - WITSS; 
BETMS = BETSS / BETDF; 
WITMS = WITSS / WITDF; 
F = BETMS / WITMS; 
— prepare data for ANAVA 
ROWS = {"EXPERT" "NOVICE" 
EXP = 19; 
EXPOUT = EXP I I RBAREXP 
NOV = 17; 
NOVOUT = NOV I I RBARNOV 
TOT = EXP + NOV; 
TOTOUT = TOT || RBARTOT || SDTOT || TDOT; 
A = EXPOUT // NOVOUT // TOTOUT; 
PRINT "DESCRIPTIVE STATISTICS"; 

D) V 
NOGP)) '/ 

output; 
"TOTAL"} 

SDEXP 

SDNOV 

EDOT; 

NDOT; 

PRINT " GROUP 
MEAN VECTOR"; 

PRINT A (IROWNAME=ROWS|) 
ROWS = ("BETWEEN GROUPS 

" TOTAL"}; 
NUL = 0; 

N RBAR STD DEV 

II II 

BETOUT 
WITOUT 
TOTOUT 

= BETSS 
= WITSS 
= TOTSS 

BETDF 
WITDF 
TOTDF 

B = BETOUT // WITOUT // TOTOUT; 
PRINT "ANALYSIS OF ANGULAR 
PRINT " SOURCE SS 
PRINT B (IROWNAME=ROWS|); 

WITHIN 

BETMS 
WITMS 

GROUPS" 

F; 
NUL; 

NUL 1 1 NUL; 
<^TTT • 

VARIANCE (ANAVA) 
DF MS 

TABLE"; 
pn 

(b) 

Figure D.l. (Continued) (b) Page 2 


