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Abstract — Personality tests in various guises are commonly used in recruitment and career counseling industries. Such tests have also been
considered as instruments for predicting the job performance of software professionals both individually and in teams. However, research
suggests that other human-related factors, such as motivation, general mental ability, expertise and task complexity also affect performance
in general. This paper reports on a study of the impact of the Big Five personality traits on the performance of pair programmers together with
the impact of expertise and task complexity. The study involved 196 software professionals in three countries forming 98 pairs. The analysis
consisted of a confirmatory part and an exploratory part. The results show that (1) our data does not confirm a meta-analysis-based model of
the impact of certain personality traits on performance; and (2) personality traits in general have modest predictive value on pair programming
performance compared with expertise, task complexity, and country. We conclude that more effort should be spent on investigating other
performance-related predictors such as expertise, and task complexity, as well as other promising predictors, such as programming skill and
learning. We also conclude that effort should be spent on elaborating on the effects of personality on various measures of collaboration,
which in turn may be used to predict and influence performance. Insights into such malleable, rather than static, factors may then be used to

improve pair-programming performance.

Index Terms — Pair programming, Personality, Big Five, Expertise, Task Complexity, Performance

1 INTRODUCTION

Pair programming is the practice where two programmers
work together on the same programming task using one
computer and one keyboard [9], [29], [30], [38], [111], [115].
Several flavors of this collaboration are possible. One might
define distinct roles, where one programmer, the “driver”, is
in charge of the keyboard and focuses on the actual coding,
while the other, the “navigator”, observes and comments on
the coding, searches for alternative solutions, or contributes
in other ways to solving the task. These roles may be held
throughout a work session, they may be switched several
times during a work session, or they may be ignored al-
together letting the keyboard pass freely between the two
programmers at will.

The close and direct way of collaborating in pair pro-
gramming might intensify both the benefits and problems of
small-group collaboration in general [40]. This raises issues
concerning the interaction between the individuals in a pair
that influences pair performance. Several researchers have
henceforth sought to identify and investigate various human
factors that are postulated to affect this interaction [1], [43],
[23], [26], [35], [55], [65], [71], [94], [105], [110], [117]. These
factors include diverse issues such as personality, gender,
expertise, attitudes, preferences, ethnicity and generation.

Personality has been a subject of interest in the context of
programming and software engineering for some time. For
example, Weinberg predicted, in his famous 1971 book, that
“attention to the subject of personality should make substan-
tial contributions to increased programmer performance”
[111], a position he reaffirms in the 1998 edition of the book
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[112]. Shneiderman in his equally famous book “Software
Psychology” states: “Personality variables play a critical role
in determining interaction among programmers and in the
work style of individual programmers” [97]. However, both
authors admit to a lack of empirical evidence on the impact
of personality on performance: “Personality tests have not
been used successfully for selecting programmers who will
become good programmers” [111], [112], “Unfortunately too
little is known about the impact of personality factors”
[97]. More recently, however, empirical studies lead Devito
Da Cunha and Greathead to conclude that “if a company
organizes its employees according to personality types and
their potential abilities, productivity and quality may be im-
proved” [33], and Dick and Zarnett conclude that “Building
a development team with the necessary personality traits
that are beneficial to pair programming will result in greater
success with extreme programming than a team built based
on technical skills alone” [35].

Somewhat contrary to this optimism, studies on the im-
pact on general job performance show that the effects of
personality are relatively small [6]. In the context of pair
programming, personality traits have been applied to the
issue of pair composition (Section 3). However, this literature
is not explicit on what, or how large, the effects of personality
are when it comes to pair programmers.

There should be a debate as to whether personality does
matter in software engineering. Personality as such is well
researched, and several existing personality tests exhibit both
reliability and validity. It is therefore meaningful to speak of
a person’s personality as measured by these tests. However,
it is a separate issue whether a person’s personality may
be used to predict behavior or performance in a reliable
and valid manner. In addition, other factors than personality
might be stronger predictors of performance.

This paper reports on an empirical study on the effects of
personality on pair programming performance. We also in-
vestigated other factors in conjunction to personality, namely
expertise, task complexity and country of employment.

A total of 196 professional IT consultants from ten com-
panies in three differdf countries participated as subjects in
the study. The analysis of the data consisted of two parts.
The first part was confirmatory, relative to a model based



on past empirical results. The findings from this part of the
analysis were not strongly in favor of the proposed model.
In the second part, we therefore conducted an exploratory
analysis.

In the next section (Section 2) we present the Big Five
model as well as other models of personality. We then
summarize related work (Section 3) and give an overview
of our study (Section 4). We proceed to describe our models
(Section 5) and our analysis (Section 6). Section 7 discusses
implications of our findings, and Section 8 concludes.

2 PERSONALITY

There exist a multitude of personality models. Any given
model may have several alternative operationalizations,
which give rise to the actual tests that are administered to
measure a person’s personality according to that model. Per-
sonality tests are in extensive commercial and governmental
use by, among others, recruitment and career counseling
agencies and the military. Although several of these tests may
originally have had theoretical or empirical underpinnings
in psychological research, many of them are simplified or
altered over time for specific purposes with little or no sci-
entific control. (See [87] for critical anecdotes and the history
of personality testing.) At the same time, personality research
in academia has developed well-researched models and tests.
Two models that in recent years have dominated personality
research [6] consist of five factors and go under the names of
the Five Factor Model (FEM) [31] and the Big Five [44], [46]. The
FFM posits that traits are situated in a comprehensive model
of genetic and environmental causes and contexts. The Big
Five posits that the most important personality differences in
people’s lives will become encoded as terms in their natural
language, the so-called Lexical Hypothesis [44]. These two
models are often seen as one, and their respective factors
correlate quite well, e.g., [48]. However, the two models
are conceptually different and their theoretical bases imply
different approaches to designing indicators for the factors.
In our study, we used the Big Five, although we consider
findings found for both models in our confirmatory analysis.

2.1 The Big Five

The Big Five model consists of five personality factors (traits)

[44], [46]. The five traits are (with descriptions from [89]):

Extraversion (Factor 1) Assesses quantity and intensity of in-
terpersonal interaction; activity level; need for stimula-
tion; and capacity for joy.

Agreeableness (Factor 2) Assesses the quality of one’s inter-
personal orientation along a continuum from compas-
sion to antagonism in thoughts, feelings, and actions.

Conscientiousness (Factor 3) Assesses the individual’s degree
of organization, persistence, and motivation in goal-
directed behavior. Contrasts dependable, fastidious peo-
ple with those who are lackadaisical and sloppy.

Emotional stability/Neuroticism (Factor 4) Assesses
adjustment versus emotional stability. Identifies
individuals prone to psychological distress, unrealistic
ideas, excessive cravings or urges, and maladaptive
coping responses.

Openness to experience (Factor 5) Assesses proactive seeking
and appreciation of experience for its own sake; toler-
ation for and exploration of the unfamiliar.

A number of well-established operationalizations (scales,

markers) exist for the Big Five. One well-known scale is

the Big Five Factor Markers (BFFM) [64], [48], [47], [45],
which comes in a long version with 100 indicators—20 per
trait (BFFM-100) and a short version with 50 indicators—10
per trait (BFFM-50). The indicators are unipolar, but come
in positive and negative keys; that is, some items indicate
a positive contribution to a trait, while others indicate a
negative contribution. The 100 indicators are self-assessment
questionnaire items on a seven-point Likert scale. The scales
appear in several validated language translations.

The five constructs of the Big Five are given as universal
traits in the human population, and many researchers hold
that the constructs provide a genuine insight into the concept
of personality. The model allows researchers to determine a
person’s personality in terms of traits that are scientifically
validated. According to Barrick et al. [6], the emergence of the
FFM and the Big Five in the mid 1980s established a marked
shift in personality research. The overall conclusion from
research up to that point was that personality and job perfor-
mance were not related in any meaningful manner. However,
the FFM and the Big Five finally allowed researchers to
establish personality in a meaningful way and that at least
some aspects of personality are related to performance.

2.2 Other Personality Models

Perhaps the most widely known and commercially used
personality model is the Myers-Briggs Type Indicator (MBTI)
[82], [83], which was inspired loosely by Jung’s psychological
types. The MBTI is built around two sets of functions: the
perceiving functions (sensing—intuition scale), which describe
how a person acquires information, and the judging func-
tions (thinking—feeling scale), which describe how a per-
son processes information. Then, the attitudes (extraverted—
introverted) describe whether these functions show in the
external world of action, people and behavior, or in the
internal world of ideas and reflection. The lifestyles (judging—
perceiving) describe a person’s preference to show the allot-
ted judging function or the perceiving function to the outside
world. Thus, the MBTI ascribes a complex personality type
to a person, rather than orthogonal traits as does the Big Five
model.

Other related models also build complex types; for ex-
ample, the Keirsey Temperament Sorter [67], [66], which is
inspired by the MBTI and by Hippocrates’ four humors,
builds a type according to four onion-like rings. Other models
in frequent commercial use include variants of the Felder-
Silverman Learning Styles (FSLS) [37], the 16PF [20], [21],
the DiSC Personality Profile Assessment based on [77], the
Minnesota Multiphasic Personality Inventory (MMPI) [60],
[18], and the Thematic Apperception Test (TAT) [32], [113].

Several commercially used models and tests have been crit-
icized in the academic community for having poor concep-
tual foundations and for having low reliability and validity
[42], [91], [92]. In particular, many personality tests have been
associated with the “Forer Effect”!, which applies to general
and vague descriptions that are likely to evoke feelings of
recognition in anyone, regardless of actual personality.

IB. T. Forer [39] administered a personality test to his students. He
then simply discarded their responses and gave all students the exact
same personality analysis copied from an astrology book. The students
were subsequently asked to rate the evaluation on a five-point Likert scale
according to how accurately they felt that the evaluation described them.
The mean was 4.26. Forer’s study has been replicated numerous times, and
averages remain around 4 [36], [58]. The Forer effect is also referred to as
the “Barnum Effect” [78].



2.3 Personalty as a Predictor of Performance

The Big Five model may provide insight to the concept of
personality. However, the question of whether it is possible
to predict task performance on the basis of personality (no
matter how well-defined personality might be) is a different
matter.

A multitude of studies have been conducted on the ef-
fects of personality on (team) performance, and several
researchers have undertaken meta-analyses of these stud-
ies. Table 1 summarizes the results of three meta-analyses.
The second-order meta-analysis (a meta-analysis of meta-
analyses) by Barrick et al. [6] reports results on individual
performance as well as on team performance.

For team performance, some notion of “team personality”
must be devised. The most common ways of aggregating
personality scores into team scores is by taking the mean, the
minimum, the maximum, or the variance of the individual
scores, as in Table 1. Which aggregation one chooses should
reflect the type of collaboration involved, which in turn
might depend on both the task characteristics and the predic-
tor variable. For example, according to Steiner’s task typol-
ogy [103], [40], the mean of the predictor variable should be
of interest in an additive task since performance is thought to
be a sum of the team members’ individual contributions. On
the other hand, the minimum is appropriate in conjunctive
tasks, because team performance depends on the weakest
link of the team. However, the person with the highest level
of, say, Extraversion might dominate the team which may
warrant that the maximum of this predictor variable is the
appropriate team aggregate.

According to Barrick et al.,, the general effects of person-
ality on job performance are “somewhat disappointing” [6]
and “modest...even in the best of cases” [6]. Thus, personality
may have little direct effect on job performance in terms of
efficiency. However, personality might have more substantial
indirect effects on job performance via social factors that
influence teamwork. In fact, the effects on teamwork are
higher than on overall job performance for all five traits [6].
This suggests that it may be more relevant to study effects of
personality in the context of collaborative performance rather
than on individual performance.

3 PERSONALITY AND PAIR PROGRAMMING

In order to gain a comprehensive overview of related work
on pair programming and personality, we conducted a sys-
tematic literature review, partly following guidelines sug-
gested in [69]. We searched the ACM Digital Library, Com-
pendex, IEEE Xplore, and ISI Web of Science with the follow-
ing basic search string: “pair programming OR collaborative
programming.” In addition, we hand-searched all volumes of
the following thematic conference proceedings for research
papers: XP, XP/Agile Universe, and Agile Development Con-
ference. The search string was applied to the titles, abstracts,
and keywords of the articles in the above electronic databases
and conference proceedings. This search strategy resulted in
a total of 214 unique citations.

The first author subsequently read the titles and abstracts
of these 214 studies for relevance to personality. If it was
unclear from the title, abstract, and keywords whether a
study conformed to our inclusion criteria, it was included
for a detailed review. At this stage, all studies that indicated
any reference to personality or related topics such as pair

TABLE 1
Summary of Meta-Analyses of the Effect of Personality (FFM and
Big Five) on Performance

Indvidual
Barrick et al. [6]

Team
Barrick et al. [6] Peeters et al. [88] Bell [10]

Extraversion

mean positive positive
minimum

maximum

variance

Agreeableness

mean positive positive® positive
minimum positive
maximum

variance negative
Conscientiousness positive
mean positive positive® positive
minimum positive
maximum

variance negative negative
Emotional stability positive
mean positive rlegativel7 positive
minimum positive
maximum

variance rlegativel7

Openness

mean positive
minimum

maximum positive
variance negative® negative

“main effect and for professionals but not for students
bfor students only
Cfor professionals only

compatibility, pair matching, etc. were included. This screen-
ing process resulted in 12 citations that were subsequently
retrieved and reviewed by the first author. Of these 12
articles, 10 did in fact describe studies that bear relevance
to our discussion. Table 2 summarizes relevant issues from
these articles as well as from our present study reported in
this paper.

Three of the studies in Table 2 used the Myers-Briggs Per-
sonality Type Indicator (MBTI), two used Felder-Silverman
Learning Styles (FSLS), and one used the Keirsey Temper-
ament Sorter (KTS). Several studies used their own trait
indicators and/or additional trait indicators. None, apart
from ours, used the FFM or Big Five model.

Other independent variables investigated were skill (which
is conceptually different from expertise), competence, self-
esteem and work ethics. None investigated interaction ef-
fects on expertise, task complexity or country. Dependent
variables included attitudes toward pair programming, com-
patibility measures, and performance measures. Pairs were
formed according to personality variables in three of the
studies.

Rationales for the studies ranged from adages (“opposites
attract”) [117], through anecdotal claims cited from the soft-
ware engineering/computer science literature that pairs with
mixed personalities complement each other [27], to empirical
evidence. There were no explicit references to theory for
explaining effects of personality on pair programming. All
rationales for studies that employed the MBTI, or the related
KTS, argued that opposite or mixed pairs would do better
than homogeneous pairs. None argued that homogeneous
pairs would be better performers.



TABLE 2
Summary of Studies on Personality and Pair Programming

10

11

Chao et al. [23]
survey
experiment

Choi [26]
survey
experiment

Dick et al. [35]
action research

Hanks [55]
survey

Katira et al. [65]
regression

Layman [71]
regression

Sftetsos et al. [94]
experiment

Thomas et al. [105]
survey

Visram [110]
analysis

Williams et al. [117]
regression

Our study
regression

path analysis
regression trees

Subjects: 60 professionals + 21 students (survey), 58 students (experiment)

Personality Variables: Open-minded, Logical, Responsible, Attentive.

Dependent Variables: Quality, Compatibility

Results: The experiment indicated that high /high and high/low combinations on either one of Open-minded and Responsible
could result in higher quality code than the low/low combination (non-significant).

Subjects: 44 professionals (survey), 128 students (experiment)

Personality Variables: MBTI.

Dependent Variables: Code Productivity, Code Design, Communication, Satisfaction, Confidence, Compatibility

Results: Pairs who are alike in perception or judgment, but not both, are found to perform better on Code Productivity and
Code Design than pairs who are totally different or alike on these traits (significant). The survey asked professional
programmers which predefined factors they thought most influences pair programming and revealed that personality,
communication and gender as the perceived most influential factors. (The other predefined factors were programming
skill, cognitive programming style, familiarity, and pair protocol.)

Subjects: 8 professionals (including authors)

Personality Variables: Communication, Comfortable, Confidence, Compromise
Dependent Variables: General Effectiveness

Results: The four personality variables are posited as beneficial for pair programming.

Subjects: 115 students

Personality Variables: Confidence

Dependent Variables: Attitudes toward pair programming

Results: Students with the greatest confidence had the most positive responses to pair programming attitude questions (non-
significant). Results are reported to contradict those of Thomas et al. [105]. (It should be noted that the construct of
“confidence” seems to be quite different from that of Thomas et al.).

Subjects: 564 students

Personality Variables: MBTI

Other independent Variables: Skill (actual), Technical competence (perceived), Self-esteem

Dependent Variables: Compatibility (self-assessed)

Results: Differences in personality types led to higher compatibility for one session of the experiment (significant), but not
the other. However, 90% of pairs (randomly allocated and irrespective of personality) report compatibility.

Subjects: 78 students

Personality Variables: MBTI, FSLS

Other independent Variables: Skill, Work ethic, Time management preference

Dependent Variables: Changes in attitudes

Results: Personality type (MBTI) and learning style (FSLS) had little effect on attitude change. Students who disliked
collaborative experiences were predominantly reflective learners, introverts, and strong coders.

Subjects: 70 students

Personality Variables: KTS

Dependent Variables: Performance (measured by communication, velocity, productivity and customer satisfaction),
Collaboration-viability (measured by developer satisfaction, knowledge acquisition and participation, i.e., collaboration
satisfaction ratio, nuisance ratio, voluntary or mandatory preference, and driver or navigator preference)

Results: Better performance and collaboration-viability for pairs with mixed temperaments (significant).

Subjects: 64 students

Personality Variables: Self-confidence (9 point scale from Code-Warrior to Code-a-phobe)

Dependent Variables: Attitudes, Performance

Results: Evidence that students who have considerable self-confidence do not enjoy the experience of pair programming
as much as other students and that students produce their best work when placed in pairs with students of similar
self-confidence levels.

Subjects: N/A

Personality Variables: EI

Dependent Variables: N/A

Results: Advice for successful pair programming [52], [116] relates to Goleman’s traits of Emotional Intelligence [49].

Subjects: 1350 Students

Personality Variables: MBTI, FSLS

Other independent Variables: Skill (perceived, actual), Self-esteem, Work ethic, Time management preference

Dependent Variables: Compatibility (self-assessed)

Results: Different sensing-intuition (MBTI) and sensing-intuitive scores (FSLS) correlated with highly compatible pairs
(significant). However, 93% of pairs (randomly allocated and irrespective of personality) report compatibility.

Subjects: 196 professionals

Personality Variables: Big Five

Other independent Variables: Expertise, Task Complexity, Country

Dependent Variables: Pair Performance

Results: Low support of hypotheses. Other factors than personality have greater impact.

El=Emotional Intelligence [49], FSLS=Felder-Silverman Learning Styles [37], KTS=Keirsey Temperament Sorter [67], MBTI=Myers-Briggs Personality Type Indicator [82]



4 OVERVIEW OF OUR STUDY

Our study was an integrated part of an experiment reported
in [2], which compared the performance of professional pair
programmers with that of solo programmers. Our study
focused on the 196 programmers forming the 98 pairs of
that experiment. These programmers were recruited from
software consultancy companies in Norway, Sweden and the
UK in the second half of 2004 and in the first half of 2005.

The pairs were formed so that both individuals in a pair
had the same level of expertise. Each individual’s level of
expertise was rated by his or her workplace manager. The
subjects did not know in advance who their partner would
be during the study, and pairs were formed across companies
(but within the same country). Within each level of expertise,
pairs were assigned randomly to one of two treatments
pertaining to task complexity.

Each pair participated for one day and their session was
divided into four stages. First, the subjects were given an
introductory presentation that included practical matters as
well as an introduction to the concept of pair programming,
which focused on the active collaboration in pair program-
ming and which involved a short description of the two
roles (driver and navigator). The subjects were told that they
could decide for themselves how often and when to switch
roles, but that they had to try both roles (even if only for
five minutes). After the presentation, the subjects answered a
prequestionnaire about their education and experience before
they started performing the training task (7p) and the pretest
task (77) individually. Then, the subjects started to perform
the main tasks (7%-74) as well as a time sink task (73) in
pairs. The tasks 75>-15 were done on two different versions
of the program according to the task complexity treatment.
To support the logistics of the study, the subjects used a web-
based experiment support tool [4] to answer questionnaires,
download code and documents, and to upload task solutions.
For each task a test case was provided that each subject or
pair used to test the solution. Eight hours were allotted to the
completion of tasks To—T}, of which six hours were thought
to be sufficient for 75-T,. Further details are provided in
[3]. At the end, the option was given to complete the Big
Five personality test? All but 11 subjects completed the
personality test.

5 RESEARCH QUESTIONS AND HYPOTHESES

There is little theory that links personality trait models to task
performance or team work. Instead, predictions in the litera-
ture are based on commonsense reasoning?; for example, “In
jobs involving considerable interpersonal interaction, being
more dependable, thorough, persistent and hard working
(high in conscientiousness), as well as being calm, secure
and not depressed or hostile (high in emotional stability),
should result in more effective interactions with co-workers
or customers” [6]. Similarly, we are not aware of any theory
linking personality models to (pair) programming perfor-
mance. Our confirmatory analyses were therefore based on
prior empirical research as described in the following.

We conducted two confirmatory analyses, one univariate
analysis and one multivariate analysis. We first tested the
univariate models implied by the meta-analyses in Table 1.
Common in personality research, univariate models give

2The personality test was optional due to ethical reasons.

3Commonsense reasoning is arguably distinct from theoretical reasoning
[76], [73].

Pair
Personality
Trait

Pair
Performance

Ri{EIV} i=1,..5

Expertise

Task
Complexity

Pair
Performance

RIE: Elevation in Extraversion increases Pair Performance

R2E: Elevation in Agreeableness increases Pair Performance
R2V: Variability in Agreeableness decreases Pair Performance
R3E: Elevation in Conscientiousness increases Pair Performance
R3V: Variability in Conscientiousness decreases Pair Performance
R4E: Elevation in Emotional Stability increases Pair Performance
R4V Variability in Emotional Stability decreases Pair Performance
R5E: Elevation in Openness increases Pair Performance

R5V: Variability in Openness decreases Pair Performance

R6:  Expertise increases Pair Performance

R7: Task Complexity decreases Pair Performance

Fig. 1. Univariate Conceptual Models.

postulates for the isolated effect of one personality trait
(and one team aggregate) at a time, on some performance
measure. The conceptual models, giving concepts and pos-
tulated relationships, are indicated in Fig. 1. The different
team aggregates (mean, variance, minimum, maximum) of
Table 1 are conceptualized into Elevation (mean, minimum,
maximum) and Variability (variance) (see Section 5.1). Each
relationship Ri{E|V} (E for Elevation and V for Variability)
is then derived from the observations in Table 1. Each
relationship gives rise to one model.

We were also interested in the effects of expertise and task
complexity. Based on the prior studies on expertise and task
complexity [3], [54], we extended the univariate case with
relationships R6 and R7 (Fig. 1).

Our second confirmatory analysis related to a multivariate
model that expresses the simultaneous effects of all indepen-
dent variables (with relevant interactions). Fig. 2 shows the
multivariate conceptual model. (The X indicates interactions
between the independent (i.e., predictor) variables.) This
model also included Individual Performance as a predictor
of Pair Performance. Moreover, Personality was included as
a predictor of Individual Performance. Thus, the total effect
Ri{E|V} of a personality trait on Pair Performance is split into
the direct effect Ri{ E|V'} p on Pair Performance and the indirect
effect Ri{E|V}; that is mediated by Individual Performance. A
similar constellation is given for Expertise and Task Complex-
ity. Apart from expressing effects on both Individual and Pair
Performance, this model allows one to analyze the Gain in the
effect of a predictor variable on Performance when moving
from individuals to pairs. (This is equivalent to the effect
of a predictor variable on the gain in performance when
moving from individuals to pairs.) In this context, Gain may
be understood as the synergy effect of pairing, relative to
the performance potential of the individuals in a pair. Note
that a predictor’s Gain in effect may well be the reverse of
its effect on Pair Performance.

There is no hypothesized Gain in effect due to Personality.
However, there is a hypothesized Gain in effects due to Exper-
tise and Task Complexity (R6g and R6g+). These relationships
are postulated based on the findings in [2] that suggest that
pairing up is most beneficial for lower levels of expertise on



Individual
Performance

Pair
Performance

Rj is the total effect on Pair Performance consisting of the direct effect
Rjpand the indirect effect Rj; on Individual Performance via the effect RO
of Indivdual Performance on Pair Performance.

RIE: Elevation in Extraversion increases Pair Performance
R2E:  Elevation in Agreeableness increases Pair Performance,
R2E+: ... and more so for high levels of Expertise

R2V:  Variability in Agreeableness decreases Pair Performance

R3E;: Elevation in Conscientiousness increases Individual Performance

R3E:  Elevation in Conscientiousness increases Pair Performance
R3E+: ... and more so for high levels of Expertise
R3V:  Variability in Conscientiousness decreases Pair Performance

R4E;: Elevation in Emotional Stability increases Individual Performance

R4E:  Elevation in Emotional Stability increases Pair Performance,

R4E-: ... but is negatively related for low levels of Expertise

R4V-: Variability in Emotional Stability decreases Pair Performance
... for low levels of Expertise

R5E:  Elevation in Openness increases Pair Performance

R5V:  Variability in Openness decreases Pair Performance,

R5V+: ... and more so for high levels of Expertise

R6r:  Expertise increases Individual Performance,

R67+: ... and more so for higher, than lower, Task Complexity
Re6: Expertise increases Pair Performance,

R6+: ... and more so for higher, than lower, Task Complexity
R6gG: Expertise decreases Pair Gain,

R6G+: ... and more so for lower, than higher, Task Complexity
R7r:  Task Complexity decreases Individual Performance

R7: Task Complexity decreases Pair Performance

Fig. 2. Multivariate Conceptual Model.

more complex tasks.

The postulated interaction effects (apart from R6g+) were
taken from the meta-analyses (Table 1) where we chose to
translate interaction effects on students and professionals to
interaction effects on Expertise in our model.

Our third analysis was exploratory. For that analysis, we
included Country as a predictor variable.

The conceptual models in Figs. 1 and 2 have concepts
and relationships, which are the basic building blocks of
scientific theories [5], [51], [57], [114]. What is missing for this
model to become an explanatory theory in the sense of [51],
[107] are propositions that explain why each relationship Ri
holds. To our knowledge, such explanatory propositions are
not available beyond the commonsense reasoning alluded
to above. However this reasoning diverges in content and is
not part of a wider explanatory framework, and we therefore
omit propositions from the models.

“Note that our present analysis is using parts of the same data as that
study. However, the present study investigates these effects in the presence
of Personality factors.

5.1 Constructs and Indicators

The conceptual models of Figs. 1 and 2 depict certain re-
lationships between the concepts of personality, expertise,
task complexity and performance. These concepts and re-
lationships need to be operationalized into observable vari-
ables (indicators) before they can be studied in an empirical
study. Once a concept is associated with indicators, we refer
to the concept by the more technical term construct [95].
The constellation of a construct and its indicators is often
called a measurement model. The measurement models for
our constructs are depicted in Fig. 3. Once the indicators
are established, one may present an analysis model, which is
the conceptual model as expressed by its indicators.> We will
present analysis models in Section 6.

Disciplines such as social science and psychology have
established many constructs whose corresponding indicators
have been extensively tested for construct validity and re-
liability; an example being the Big Five personality traits
and their indicators. In contrast, the constructs of empirical
software engineering have not reached the same level of
maturity: they are rarely validated with respect to reliability
and construct validity, the constructs” definitions are in many
cases not uniformly understood or agreed upon, and for the
most part, constructs are given only a single indicator. Nev-
ertheless, on the way to reaching a higher level of maturity,
researchers must make use of current understanding and
current measures, even if they are incompletely understood.
In this fragile process it is essential that one is explicit about
one’s concepts and their operationalizations.

In Sections 5.2 and 5.3, we describe the indicators for the
concepts of the conceptual models shown in Figs. 1 and 2.

5.2

We first describe the independent variables.

Construct: Pair Personality Trait (Elevation, Variability)

Indicators: Pair BFFM-100 Factor Score (mean and difference)
The indicators for individual personality are the BFFM-100
questionnaire items for the Big Five model (Section 2). Each
personality trait (construct) is operationalized through 20
indicators. Fig. 3 a illustrates the case for Extraversion. In
Fig. 3 a, the links between construct and indicators are
represented by arrows from the construct to the indicators.
This directionality corresponds to the idea that a personality
trait is something that is inherent in an individual and that
gives rise to observable behavior in the corresponding indi-
cators, i.e., the specific answers given on the questionnaire
items. Thus, variation in the indicators reflect variation in
the construct. Measurement models of this kind are therefore
referred to as reflective, and are the standard constellations of
factor analysis [8], [50].

A construct’s magnitude of influence on an indicator is
given by so-called loadings (A1, A2, ..., Az in Fig. 3 a). The
loadings may be based on theory and/or empirical data, and
setting them belongs to the measurement model-building
stage. Subsequently, the loadings may be used to calculate
a score on the construct based on measurement scores on
its indicators; i.e., one may calculate a person’s Extraversion
score based on his/her score on the corresponding ques-
tionnaire items. There are various ways to do this [86], but
in BFFM-100, a principal components approach is taken.

Independent Variables

SIn structural equation modeling it is possible to conduct statistical
analysis directly on the construct level [70], [75]. We do not do this here
since several of our constructs are not validated yet.



Factor Score | =M1 A2 ,.Xao )(itemy, items,..., itemzo)

indvidual A

Pair
Factor Score
(mean | difference)

indvidual B

I item I | itemy | | itemap |

a’)
a)

3¢

Fee Category | ‘ Control Style | | Country of Location

b) c) d)

‘| Pretest Regression Grade mean |

... M Pretest Redesign mean

‘l Pretest Cost Effectiveness mean |

Pretest Correctness mean

Pretest Duration mean

‘| Pretest Extensibility mean |

1 Pretest Methodology mean |

b Regression Grade

Correctness
Duration

f

Fig. 3. Measurement Models.

We computed principal components in SPSS asking for five
components and then we computed factor scores by the
“regression method” (indicated by the f(A1, Az, ..., A20)(...)
expression Fig. 3 a). Following tradition, the scores were
standardized to a mean of 50 and a standard deviation of
10. The English version of the scale can be found at [64].
The Norwegian version of the BFFM-100 is developed by
Dr. Harald Engvik (co-author of this paper). The Swedish
version is developed by Dr. Martin Backstrom; see [64] for
information on these translations.

As mentioned in Section 2.3, common team personality
aggregates are the mean, variance, minimum, or maximum
of the team’s individuals’ scores. However, the mean, mini-
mum, and maximum may conceptually all be seen as indi-
cators for the same sub-construct of Team Personality, namely
Elevation, and the variance may be seen as an indicator for
a sub-construct Variability. Empirically, this is supported by
the agreement of results for mean, minimum, and maximum
across the meta-analyses in Table 1, and, in our data, by
the fact that the mean, minimum, and maximum correlate

bivariately in the range 0.402-0.951, all at p < 0.01. Also,
Peeters et al. [88] refer to [7], [68], [80], [84], [108] and
promote Elevation and Variability as the appropriate sub-
constructs. Additional indicators for Elevation are summed
individual scores for the trait or the proportion of high-
scoring individuals for a trait. Variability is also expressed
as the standard deviation.

Based on this, we chose trait elevation in terms of the mean
of the two scores (which is analytically equivalent to sums
and more sensitive than the minimum, maximum, or pro-
portions for groups consisting only of two persons) and trait
variance in terms of the variance of the two scores, which
in the dyad case is equivalent to the difference between the
two scores (Fig. 3 a’).

Construct: Expertise

Indicator: Fee Category
The conceptual model also postulates that pair performance
is affected by Expertise. In our study, we operationalized
Expertise by a single indicator Fee Category (Fig. 3 b). This
three-category ordinal variable (junior, intermediate, senior) is
the consulting fee level charged for a subject by his/her
company. This indicator is relevant to pair programming
because much of the debate around pair programming re-
volves around whether it is worth spending the extra man-
power associated with pair programming. A manager in each
company selected the subjects from the company’s pool of
consultants and rated them on to their Java programming ex-
perience according to how they would rate them for similar
kinds of real projects. Consequently, a few consultants with
ample general work or programming experience (but very
little OO or Java experience) could still be rated as junior by
the companies. This operationalization of Expertise in terms
of Fee Category is related to the standard operationalization
in terms of amount of domain-specific experience found in
other disciplines.

Unlike personality traits, which give rise to observations in
the indicators and whose measurement models are therefore
reflective, Expertise is a construct that is more naturally
expressed by way of a formative measurement model. In
formative measurement models, indicators are viewed as
expressing various aspects of a construct. In contrast to a
reflective measurement model where convergent validity is
an issue, formative indicators should not correlate closely,
since each indicator expresses a different aspect of the con-
struct [11], [16], [34], [86]. Formative measurement models
are depicted with arrows leading from the indicators to the
construct (Fig. 3 b), since the indicators are seen to contribute
to the definition of the construct.®

Each pair in this study consisted of two individuals with
a similar level of programmer expertise (junior/junior, in-
termediate/intermediate, and senior/senior). This choice was
motivated by previous studies on pair programming that
reported that pairs consisting of individuals with similar
competence levels collaborated more successfully than those
with different competence levels [19], [43], [115].

®In this framework, it is important to be aware that the operationalizations
do not constitute nominal definitions of their concepts; that is, Expertise is not
fully defined in terms of its indicators. Neither is Extraversion fully defined
in terms of the scores on the questionnaire items. Instead, both Expertise
and Extraversion are concepts that we as researchers hold in our minds a
priori, and which we operationalize in a given research setting by giving
indicators that are as appropriate as possible under logistic and intellectual
constraints. Such an operationalization may be seen as a denotative definition
of a concept; that is, the concept is given meaning by listing examples.
However, the full definition of the concept may lie outside what is practically
possible or it may not be fully understood theoretically [28, p.138].



The Expertise concept is one of the classic concepts of social
and behavioral science and has undergone several stages
of elaboration. Sternberg [104] summarizes the evolution of
the concept through three stages: superiority of information
processing [85], through quantity of knowledge, to superiority
in organization of knowledge. According to Sternberg, Expertise
can, at present, be viewed along eight dimensions: differ-
ent cognitive processes, higher quantity of knowledge, superior
knowledge organization, superior analytic ability, superior creative
ability, superior automatization and superior practical ability;
see Heerem [53]. One of the important trends currently is
that Expertise is treated as domain-specific and mutually
dependent on task complexity [54].

We are interested in expertise pertaining to programming
tasks. The development and validation of instruments to
assess programming expertise according to, say, the above
eight dimensions has not come very far, and empirical re-
search on expertise in the software engineering literature is
not abundant. For example, among the 103 articles reporting
software engineering experiments surveyed in [99] only three
[17], [90], [61] explicitly investigated an expertise construct
related to programming in some way (operationalized re-
spectively, by type of mental model, by degree of semantic
knowledge, and by students versus professionals). In related
disciplines, expertise is often operationalized by amount of
domain-specific experience in various ways [102], [96], since
it is postulated that the mental representations that lead to
increased levels along any of the eight dimensions develop
over time; see [53] for a review of operationalizations of IT-
expertise in the management literature.

The programming expertise construct for software engi-
neering should be viewed as “under construction”. In the
process of determining which aspects this construct should
embody, one is somewhat justified in conducting studies that
consider one aspect at a time.

Construct: Task Complexity

Indicator: Control Style
Like Expertise, Task Complexity is also a concept that has been
researched extensively [53]. Again, we chose a formative
measurement model and a single indicator, namely Control
Style, which is the control style (centralized, delegated) in the
application on which the subjects performed the tasks (Fig. 3
c). In a centralized control style, a few large “control classes”
coordinate a set of simple classes [119]. In contrast, in a dele-
gated control design, a well-defined set of responsibilities are
distributed among a number of classes [119], and the classes
play specific roles and occupy well-known positions in the
application architecture [119], [120]. Applications written in a
delegated control style, might be more elegant and in accor-
dance with existing responsibility-driven design principles
[119], [120], but might also be harder to comprehend and
change due to a larger amount of delocalized plans [101]. An
experiment that investigated the impact of the two control
styles on the exact same application and the same tasks as
those used in our study confirmed that, on average, the
delegated control style was more difficult to change than
was the centralized control-style implementation [3]. That
experiment was conducted with individual programmers.

Construct: Country

Indicator: Country of Location
Scientific results are only useful to the extent to which they
apply in a range of situations. The study was conducted
across three Western European countries in an attempt to
challenge the robustness of the results across countries that,

to some extent, can be said to share the same work culture.
Under the simplifying assumption that corporate culture
overrides individual culture, we therefore chose to oper-
ationalize the Country construct by the country (Norway,
Sweden, UK) in which the subject’s company was located
(Fig. 3 4).

5.3 Mediator and Dependent Variables

The mediator (multivariate model only) and dependent vari-
ables pertain to the concept Performance; that is, the mediator
variable pertains to Individual Performance, while the depen-
dent variable pertains to Pair Performance. The indicators for
these two constructs are the same, but while those for Pair
Performance measure the overall performance on the pair
programming tasks 75-T}, the indicators for Individual Per-
formance measure the performance on the individual pretest
task 77, but averaged over the two individuals in a pair
(Fig. 3 ¢, f). The indicators for both constructs are aspects of
performance. However, we have not validated the construct
with respect to these indicators, and hence we are not sure to
what extent a formative or reflective measurement model is
appropriate. We therefore tentatively present a measurement
model for further elaboration in Fig. 3 ¢, f. The double-headed
arrows signify that the model may be deemed reflective,
formative, or a combination of the two, in the future.

Construct: Individual/Pair Performance

Indicators: Correctness, a binary functional correctness
variable 0/1, where 1 was awarded if the change task(s)
was/were implemented correctly, and 0 was given if there
were serious logical errors in the solution(s).

Duration, a continuous variable recording the time spent
by a pair on the task/tasks.

Methodology, a five-point ordinal variable registering the
extent to which the solution made use of good object-
oriented coding principles.

Extensibility, a five-point ordinal variable registering the
degree to which the solution may be extended easily with
further functionality.

Cost effectiveness, a five-point ordinal variable registering
the extent to which the solution was simple and reused
existing code.

Redesign, a five-point ordinal variable registering the extent
to which the solution changed the design of the system.

Regression grade, a four-point ordinal variable (no solution,
major deviations, minor deviations, correct) registering the dif-
ference between actual and expected output of a simple test
case covering the main functions of the system.

Note that Duration is of interest primarily for correct
solutions (Correctness = 1). In the present scheme for the
Pair Performance construct, we therefore disregarded incorrect
solutions when analyzing Duration. Future operationaliza-
tions should incorporate Correctness and Duration in a better
manner.

The Correctness variable was assessed independently by
two senior consultants who were not among the subjects
and who were not informed about the research questions
of the study. Duration was recorded by the subjects in the
web-based experiment support tool. The last five variables
were assessed by a single expert programmer, who scored
all solutions using a web-based system that had facilities for
viewing details related to the task descriptions and task solu-
tions for each subject, including the source code and source
code differences, as well as the results from the automated



test case execution (actual, expected and difference between
actual and expected output).

5.4 Situational Variables

The study’s situational variables are variables other than
the independent and dependent variables; such as subjects,
tasks, systems and settings.

Subjects. The intended target population of this study
was professional software developers (software profession-
als). Whereas generalization from the variables of our study
must generally follow principles of analytical generalization
[56], [95], the fact that numerous subjects are necessary for
conclusion validity (power and significance) also allows one
to consider statistical generalization on subjects. To obtain a
broad sample of software professionals, 196 Java consultants
were hired from a total of 10 software consultancy companies
in Norway, Sweden, and the UK.

In order to recruit these subjects, several Java consultancy
companies were contacted through their sales channels. The
companies were paid normal consultancy fees for the time
spent on the experiment. Fees were paid according to fee cat-
egory and market value, that is, seniors were more expensive
than intermediates, who, in turn, were more expensive than
juniors. For a few companies, a fixed honorarium (the same
payment) for all three developer categories was agreed upon.
The participating developers did not receive any information
regarding the categorization or actual payment.

An overview of the subjects’ education and experience
can be found in [2]. Most of the subjects had no experience
with pair programming. Furthermore, they performed main-
tenance change tasks on a program of which they had no
prior knowledge.

With regards to personality scores, our sample of pro-
grammers were more homogeneous than a reference group
of 1100 Norwegian army conscripted recruits.” This finding
is accentuated by the fact that this reference group is it-
self homogeneous, consisting as it does, entirely of young
men. Moreover, our sample of programmers score lower
(p <0.0001) on Extraversion, lower on Emotional Stability
(p=0.0065), and higher on Openness to Experience (p <0.0001)
than does the reference group. This trend is strongest for the
subjects from the UK. This is expected, since our subjects
have a higher level of education than average, and education
level is known to correlate with the Openness trait. The
stereotype of programmers being neurotic, introvert and in-
tellectual [22], [81], [100], [121] is hence confirmed, especially
in the UK part of our sample.

Tasks and Applications. The empirical study included the
programming of six change tasks: a training task (1), a
pretest task (11), three (incremental) main tasks (15, 73, and
Ty), and a final time sink task (75).

Individual Training Task (Tp): All subjects were asked to
change a small program so that it could read numbers
from the keyboard and print them out in reverse order.
The purpose of this task was to familiarize the subjects
with the study’s environment.

Individual Pretest Task (T1) ATM: All subjects implemented
the same change on the same system. The initial system
(before changes) consisted of seven classes and 354 lines
of code. The change consisted of adding transaction log
functionality and printing an account statement for a
bank teller machine and was not related to the main

7 All Norwegian men aged 18-19 are conscripted to the army.

tasks. This pretest task provided the means to assess
individual performance on the mediator variable.

Main Tasks (T5—T4) Coffee Machine: These tasks were based
on two alternative Java systems that were designed
and implemented with a centralized and delegated control
design strategy, respectively (see Control Style in Sec-
tion 5.2). Further details are provided in [2]. The two de-
sign alternatives were coded using similar coding styles,
naming conventions, and amounts of comments. Names
of identifiers (e.g., variables and methods) were long
and reasonably descriptive. UML sequence diagrams of
the main scenario for the two designs were given to
help clarify the designs. The tasks consisted of three
incremental changes to the coffee machine as follows:
T5: Implement a coin return button.

Ts: Introduce bouillon as a new drink choice.
Ty: Implement a check for ingredient availability.

Time Sink Task (T5) Coffee Machine: The final task in an em-
pirical study needs special attention as a result of poten-
tial “ceiling effects”. Consequently, the final change task
(T5) in this study was not included in the analysis. Thus,
the analysis of duration and effort is not threatened by
whether the pairs actually managed to complete the last
task, while at the same time, the presence of the last
task helped to put time pressure on the pairs during
the study. The time sink task was a further incremental
change:

T5: Make ones own drink by selecting from the available
ingredients.

Pilot studies were conducted to ensure that it would be very

likely that all pairs would complete tasks Tp—1, within a

maximum time span of eight hours. All pairs did indeed

complete Tp—T); within the allotted eight hours.

Except for the Java source code, which contained class,
method, and variable names and comments in English, all
subjects received the material in the appropriate language.

Settings The study was conducted in the subjects’” own
offices, or in offices at Simula Research Laboratory. The work
environment at Simula was similar to that of a client’s site
with respect to resources, development tools, etc. However,
special measures were taken to ensure that pairs did not
disturb each other or listen to each others’ conversations
during the study. To ensure accurate duration and effort data,
the subjects were told to take breaks only between the tasks,
not to answer telephone calls or talk to colleagues (other than
the pair programming partner) during the study.

We wanted the subjects to perform the tasks with sat-
isfactory quality in as short a time as possible because
most software engineering jobs impose relatively severe time
constraints on the tasks to be performed. What constitutes the
best way to impose a realistic time pressure depends, to some
extent, on the size, duration, and location of a study [98].
In this study, we used the following strategy: The subjects
were told that they would be paid a fixed rate for five hours,
regardless of how much time they would actually need. This
was meant to encourage the subjects to finish as quickly
as possible and to discourage them from working slowly
in order to receive higher payment. However, to maintain
motivation, once the five hours had passed, we told those
subjects who had not yet finished that they would be paid
for additional hours if they attempted to complete their tasks.
The subjects were allowed to leave when they were finished.
Those who did not finish had to leave after eight hours.

Finally, strict confidentiality was guaranteed regarding
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information about the subjects” performance. Furthermore,
the subjects signed a confidentiality agreement where they
agreed not to reveal any information about the study to their
peers.

6 ANALYSIS

We used SPSS 16.0, AMOS 16.0, SAS 9.1, Enterprise Guide
2.1, and jmp 7 for statistical analysis.® Our data consisted
of variables for 98 pairs made up from 196 individuals.
However, Duration was only analyzed for pairs with correct
solutions (Correctness = 1), i.e., 80 pairs. Descriptive data is
given in Table 8 in the Appendix. We first dealt with missing
values. We then proceeded with a confirmatory analysis of
the conceptual models in Figs. 1 and 2. The confirmatory
analysis spurred an exploratory analysis.

6.1 Missing Values

Personality scores were missing for 11 subjects, and pretest
measures were missing in one way or another for eight
subjects. The mechanism leading to missing values (and
not the actual pattern of missingness) determines the most
appropriate method for dealing with missing values [74].
The nature of our constructs implies that our missing data is
neither missing completely at random (MCAR) (e.g., because it
is conceivable that people with personality types that deviate
substantially from the mean may refrain from submitting
themselves to personality tests), nor missing at random (MAR)
(e.g., because there is no other variable, say depression, such
that the probability that personality scores are missing vary
according to depression, but do not vary according to per-
sonality or anything else within each level of depression). It
is not recommended to subject datasets whose missingness
is neither MCAR nor MAR to deletion strategies (i.e., listwise
deletion and pairwise deletion) [74].

We therefore employed the expectation-maximization
(EM) imputation algorithm [74] in SPSS to estimate missing
data. The EM imputation method performs satisfactorily
when population distributions are not multivariate normal
(although normality is a theoretical prerequisite). The data
used to estimate the missing values should preferably in-
clude variables that are not used in the subsequent analysis
[62], [106]. In our case, the missing personality scores for
the 11 cases were imputed using data on the individual
level that was either not used further in the analysis or
was used subsequently in pair-aggregated form (except for
Country of Location and Fee Category, which were used un-
altered subsequently in the analysis of pairs). We imputed
personality scores on the factor score level rather than on the
indicator level. The reason we did this, was that distributions

8 AMOS and SPSS are trademarks of SPSS Inc. SAS, Enterprise Guide, and
jmp are trademarks of SAS Institute Inc.
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TABLE 3
Summary of Univariate Analyses

RIE: Elevation in Extraversion increases Pair Performance

R2E: Elevation in Agreeableness increases Pair Performance
R2V: Variability in Agreeableness decreases Pair Performance
R3E: Elevation in Conscientiousness increases Pair Performance
R3V: Variability in Conscientiousness decreases Pair Performance
R4E: Elevation in Emotional Stability increases Pair Performance
R4V Variability in Emotional Stability decreases Pair Performance
R5E: Elevation in Openness increases Pair Performance

R5V: Variability in Openness decreases Pair Performance

R6:  Expertise increases Pair Performance

R7: Task Complexity decreases Pair Performance

AN

SR NEENN

at indicator level were highly erratic, while distributions at
factor level were approximately normal.

In addition, values were missing at the pair level in one
to two cases for the Pair Performance indicators. These values
were imputed using pair-aggregated forms of the same data
that was used to impute missing values at the individual
level, together with aggregated forms of the Big Five factor
scores. Thus, the subsequent analysis was performed using
data for all 98 pairs.

6.2 Confirmatory Analysis

The univariate conceptual models in Fig. 1 were tested by
variants of univariate generalized linear regression models.
Fig. 4 shows the analysis models that correspond to the
conceptual models of Fig. 1. Table 3 shows the conclusions
of the analyses as interpreted on the conceptual level. Details
of the analyses are given in Table 9 in the Appendix. Effect
sizes for personality are small compared with those for Fee
Category and Control Style. For example, a one-point increase
in Openness mean yields a predicted mean improvement of a
meager 0.013 minutes in Duration, while stepping up from
Junior to Intermediate yields a mean improvement of about 20
minutes. The largest effect size in favor of any hypothesized
relationship on personality is 0.052 in Regression Grade on
Openness.

The multivariate model in Fig. 2 was tested by confirma-
tory path analyses in AMOS. In our context, a path analysis
is a generalization of multiple regression analysis. In path
analyses, mediator variables can be modeled, and covari-
ances/correlations between independent variables may be
explicitly omitted from the model, see [95], [75], [70]. A
separate analysis was conducted for each of the dependent
variables.” The multivariate analysis model is indicated in
Fig. 5.

Categorical indicators for independent variables are
translated into (0/1) dummy variables in the statisti-
cal analysis. Thus, the three-category indicator Fee Cat-
egory (Fig. 3 b) for Expertise is translated into a tuple
(Fee Category dummy2,Fee Category dummyl), where junior is
represented by (0,0), intermediate by (1,0), and senior by (0,1).
For example, for Fee Category, the relationship R6; in the
conceptual model in Fig. 2 is split into R61; and R62;
from, respectively, Fee Category dummyl and Fee Category
dummy?2. The Control Style variable is translated into Con-
trol Style dummyl where centralized is 0 and delegated is 1.

The path analysis produces four estimates per independent
variable: Rk;, Rkp, Rk, Rk denote, respectively, relations on

“Had the measurement model for Individual/Pair Performance (Fig. 3 e, f)
been validated, we could have used latent variable analysis or structural
equation modeling [75], [70].
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individual performance, pair performance, total effect, and
gain. For example, the total effect of Extraversion average on
Pair Performance is RIE = R1Ep + RI1E;*RO. The gain, or
synergy effect of pairing up, relative to working alone, is
RI1Eg = RIE - RIE;.

The pretest did not distinguish between control styles, so
we were unable to test the the relationships R7; and the
interactions of R6 with R7;. Table 4 shows the conclusions
of the analyses as interpreted on the conceptual level. Details
of the analyses are given in Table 10 in the Appendix.

Although analysis model fit is acceptable (Table 11 in
the Appendix), significant effects are few and there is no
substantial support for the conceptual model as a whole.
Also, the R? values are not particularly high for several
of the analysis models (Table 11). This means that there is
considerable unexplained variance. This, too, may indicate
that additional or other variables might be more appropriate
for describing our data, or that there are variables that add
disturbances to the model.

From here, one might start altering the analysis model and
then check if model fit increases. One could include or ex-
clude variables and relations following any number of elimi-
nation or introduction strategies. However, in a confirmatory
mode, we feel strongly that such model searching should
only be done in the presence of rival theories to guide these
steps, and such theories are lacking. Even in an exploratory
mode, such “correlation hunting” is not particularly reliable.
It might also be the case that non-linear models would be
more appropriate. After all, personality traits may be like
culinary ingredients: good or bad up to a certain level with
beneficial/adverse effects diminishing after that. In the next
section, we switch to a purely exploratory mode.
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TABLE 4
Summary of Multivariate Analyses

RIE: Elevation in Extraversion increases Pair Performance

R2E:  Elevation in Agreeableness increases Pair Performance,

R2E+: ... and more so for high levels of Expertise

R2V:  Variability in Agreeableness decreases Pair Performance

R3E;: Elevation in Conscientiousness increases Individual Performance
R3E:  Elevation in Conscientiousness increases Pair Performance
R3E+: ... and more so for high levels of Expertise

R3V:  Variability in Conscientiousness decreases Pair Performance v
R4Ep: Elevation in Emotional Stability increases Individual Performance
R4E:  Elevation in Emotional Stability increases Pair Performance, v
R4E-: ... but is negatively related for low levels of Expertise

R4V-: Variability in Emotional Stability decreases Pair Performance

... for low levels of Expertise

R5E:  Elevation in Openness increases Pair Performance

R5V:  Variability in Openness decreases Pair Performance, v
R5V+: ... and more so for high levels of Expertise v
R6r:  Expertise increases Individual Performance,

R67+: ... and more so for higher, than lower, Task Complexity n/a
R6:  Expertise increases Pair Performance, v
R6+: ... and more so for higher, than lower, Task Complexity v
R6gG: Expertise decreases Pair Gain,

R6G+: ... and more so for lower, than higher, Task Complexity

R7r:  Task Complexity decreases Individual Performance n/a
R7: Task Complexity decreases Pair Performance v

6.3 Exploratory Analysis

For the exploratory analysis, we used jmp, which imple-
ments decision tree analysis. As in regression analysis, the
starting point of a decision tree analysis is a dependent
variable and a set of independent variables. The independent
variables of our analysis were the same as those of the
confirmatory analysis. However, mediator variables cannot
be modeled straightforwardly in decision tree analysis. Gain
was therefore expressed as a separate dependent variable,
Pair Gain, whose indicators are the differences between each
Pair Performance indicator and the corresponding Individual
Performance indicator (Fig. 6).1° As for Pair Performance and
Individual Performance (Fig. 3), the measurement model for
Pair Gain is not validated and issues regarding formative
versus reflective definitions are left for future work. We
included Country in the exploratory analysis to check for
differences across countries.

Decision tree analysis is an iterative process that suc-
cessively splits the original n observations in a dependent
variable in halves, thus creating a binary tree structure. Fig. 7
shows the resulting decision tree for Correctness Gain. Any
split is associated to an independent variable such that all
observations in one partition are less in the independent
variable than all observations in the other partition (for
ordinal or continuous independent variable), or according to
categories (for categorical independent variables). Each split

19This moves a part of the model’s structure to a single variable. This is
generally regarded as an inferior modeling solution [25], [24], partly because
two sources of variance are collapsed into one.
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'ﬁ diff(Redesign, Pretest Redesign mean) I

. ﬁ diff(Cost Effect., Pretest Cost Effect. mean) |

I3 H
| diff(Correctness, Pretest Correctness §”l’”") | 1 diff(Extensibility, Pretest Extensibility mean) |
+ 1 ! !

| diff(Duration, Pretest Duration mean) |

1 diff(Methodology, Pretest Methodology mean) I

Fig. 6. Measurement Model—Pair Gain.
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Fig. 7. Decision Tree for Correctness Gain.

is chosen as the one that maximizes some split criterion. In
our case, that criterion is to maximize the statistical signifi-
cance of the resulting difference in the dependent variable.
In order to obtain a reasonable robustness toward outliers,
and following [13], the process was set to terminate when
partition sizes went below 10.

Decision tree analysis is independent of any assumptions
on normality or types of data. Splits nearer the root split
more of the observations and signify more general effects
than splits further away from the root. Nonlinear effects
are reflected by successive and asymmetrical splits (in the
sense of producing an unbalanced tree) with respect to the
same independent variable. Interaction effects are reflected
by asymmetrical splits of different variables.

In Fig. 7, significant splits are marked with black triangles
in the children nodes.!! The tree should be read as follows
(when focusing on significant splits): The main effect for
Correctness gain was in the Fee Category variable, where juniors
achieved the largest gain. Thus, intermediates and seniors
had a significantly lower gain when paired, especially those
with lower Agreeableness difference. Of the latter, less Openness
difference was associated with greater gain.

We developed similar trees for the other Pair Gain indica-
tors. (The analysis for Duration Gain excluded two outliers
as defined by Mahalanobis distance, jacknife distance, and
T? statistics.) These trees are summarized in Table 5 under
the “All” columns. The numbers indicate the split sequence
in the tree (a " indicates a significant split). As an example,
consider the tree for Correctness Gain in Fig. 7. This tree is
summarized in Table 5 under the column for Correctness
Gain “All”: The first split was on Fee Category and was
significant. The second split was on Agreeableness difference
(significant), the third on Openness difference (significant), the
fourth and fifth on Extraversion difference (non-significant),

1The “LogWorth” index in each parent node is a significance measure
of the difference in mean values for the observations in each child node
with regards to the dependent variable. Specifically, LogWorth = —log;(p),
where p is the adjusted probability of the observed data under the hypoth-
esis of the means being equal. Thus, p-values less than 0.05 are reflected by
LogWorth-values greater than 1.30. The adjusted p-value takes into account
the number of different ways splits can occur. It is fair compared to the
unadjusted p-value and to the Bonferroni p-value, see [93].

Number of Splits

the sixth on Extraversion average (non-significant), and the
seventh on Agreeableness difference (non-significant).

A study of the “All” columns reveals that personality
factors do not dominate among the significant effects on the
Pair Gain indicators, except for on Regression Grade Gain.

We also analyzed exploratory models where the person-
ality traits were the only independent variables, with and
without Country (columns “P+C” and “P”, respectively, in
Table 5), as well as the direct effects of all independent
variables on the Pair Performance indicators (column “P.P.”)
in Table 5. At the bottom of each column, the R? of an n-
fold crossvalidation is given, that is, the average R? over
n predictions where n — 1 observations are used to predict
the nth observation. And at the very bottom, the overall
R?, which indicates the ratio of explained variance, is given.
Effect sizes for the personality traits were more comparable
to those of the other predictors than they were in the linear
models of the confirmatory analyses. This may signal the
inappropriateness of describing personality effects by linear
models.

From Table 5 one can note that in the absence of Fee
Category and Control Style (and Country), main effects of
personality manifest themselves significantly in all models
(except for Duration). This can be seen clearly in columns
“P*” and “P+C*” versus column “All*” of Table 6 which ag-
gregates the findings in Table 5 per model type. Table 6 ranks
each independent variable according to how early associated
splits occurred, by the formula max splits + 1 - split number.
In our case, max splits was seven, that is, no trees had
more than seven splits. Thus, if, say, Fee Category assumed a
significant second split in a model in which only personality
factors were included, then that split would contribute 7+1-
2=6 to the ranking for Fee Category in the “P” columns. The
"*-columns only count significant splits.

The two most prevalent personality influences in the ab-
sence of other predictors, are Extraversion difference and Con-
scientiousness mean. In fact, Extraversion difference is the most
general significant predictor as ranked over all exploratory
models. Note that Extraversion difference was not included in
the confirmatory models of Section 6.2.

One of the important questions for pair programming,
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TABLE 5
Exploratory Analysis

Correctness Duration Methodology Extensibility Cost Effectiveness ~ Redesign Regression Grade
Gain PP. Gain PP. Gain P.P. Gain PP. Gain PP. Gain PP. Gain P.P.
All P P+C All P P+C All P P+C All P P+C All P P+C All P P+C All P P+C
Fee Category 1* 2% 1*2* 4 2 5 5 3
Control Style 4 1* 1* 1* 1* 1* 1* 1* 1* 57
Country 15 14 2* 2 2% 6 3 2*5 1 2* 2%4* 5 2*3*7 6 5
Extraversion avg 6 31 2 6 2* 6 67 6
Extraversion diff 45 4 3 3*7 1*4* 1*6 3*6 2%4* D*4* 45 3 3 1*3* 1*3* 4% ™1 1 1
Agreeableness avg 347 7 7
Agreeableness diff 2*7 3 3 1 6 6
Conscientiousness avg 467467 45 5636357 1*56 1*5 2*7 3 3 3 6 4*5 4* 4 3 3
Conscientiousness diff 3 46 25 4 6 3 3 5 1* 2* 2% 2% ¢ 2 2%
Emotional Stability avg 25 7 7 6
Emotional Stability diff 3 6 6 5 45
Openness avg 2 2 5 4 7 45 6 57% 4 4 3
Openness diff 3 15 15 2 5 3 5 7 7 4 4 2 47
n-Folded R? 20 32 .32 .22 21.19 .13 24 31 .27 19 21 35 29 29 41 2327 19 22 .60 32 31 .63 20 .24 21 .19
Overall R? 33 43 43 31  .32.33 26 34 42 39 32 32 45 41 40 51 34 .38 .33 .35 .66 41 40 .68 .32 .36 .34 .33

however, is whether it pays off to pair up. Thus, we focus
on Pair Gain. Moreover, a main objective was to compare the
effects of personality with other readily available predictors.
In concluding our exploratory analysis, we therefore focus on
the full model for Pair Gain (the “All*” column in Table 6).
Table 7 summarizes the exploratory analysis from this per-
spective, on the conceptual level, where the predictors are
ranked in order of decreasing impact.

7 DISCUSSION

Our confirmatory analyses did not support the proposed
models of Section 6.2. Our exploratory analysis showed that
the three main effects in our data were due to indicators
of Task Complexity, Country, and Expertise, while Extraversion
difference was the strongest personality trait factor. Person-
ality effects were sometimes found as interaction effects to
the main effects. However, the effects of personality were not
consistent, and it is hard to propose a model that incorporates
personality as predictors of Pair Performance or Pair Gain. In
fact, if one omits personality from the multivariate model
(Fig 5) of the confirmatory analysis in Section 6.2, one obtains
better fit indices and comparable R? values than for the
original model.

7.1

The strongest predictor among the personality factors was
Extraversion Variability. However, our findings suggest that
there are stronger predictors than personality for Pair Perfor-
mance and Pair Gain, even when nonlinearity is catered for
in the analysis. This entails that if there are limited resources

Implications

TABLE 6
Exploratory Analysis Aggregated

All* All P* P P+C* P+C PP* P.P. Total* Total
Fee Category 13 24 0 0 O 0 13 23 26 47
Control Style 28 32 0 0 0 0 28 32 56 64
Country 2 37 0 0 7 32 23 32 52 101
Extraversion mean 0 16 0 9 6 14 0 2 6 39
Extraversion diff 12 33 40 40 36 50 16 25 104 148
Agreeableness mean 0 10 01 o0 0 0 1 0 12
Agreeableness diff 6 7 0 7 0 7 0o 7 6 28
Conscientiousness mean 2 16 11 43 11 40 6 14 30 113
Conscientiousness diff 6 8 243 17 21 6 14 53 82
Emotional Stability mean 0 0 0 9 0 2 0 2 0 13
Emotional Stability diff 0 0 010 O 0 0 9 0 19
Openness mean 1 8 6 18 6 12 0 8 13 46
Openness diff 5 12 7 17 7 14 5 20 24 63

available for screening employees one should concentrate
on e.g., matching expertise and task complexity rather than
allocating human resources based on personality tests.

Our study only investigated short-term effects over a
single day. Some group dynamics evolve and stabilize over
time. Moreover, factors that influence group dynamics might
manifest themselves only after days, or months of collabora-
tion (see e.g., [40]). It is therefore possible that longitudinal
studies might uncover more persistent findings regarding the
effects of personality.

Studies suggest that pair programming sessions should be
kept short (e.g., 1.5-4 hours) [15], [109], and proponents of
pair programming advocate that pairs should rotate partners
routinely [115]. In this sense, pair programming is an extreme
form of collaboration, and one that perhaps does not give
time for the effects of more subtle influences to emerge.

We therefore see our findings as relevant to pair pro-
gramming, but acknowledge that personality may well man-
ifest itself stronger in longer studies. However, our findings
confirm the body of evidence from other disciplines that
suggests that personality is only a moderate predictor for
performance.

7.2 Threats to Validity

Every empirical study suffers from methodological short-
comings. This section discusses some of the most pressing
issues in this respect.

7.2.1 Statistical Conclusion Validity

We conducted univariate and multivariate linear analyses in
order to replicate the findings of univariate linear analyses

TABLE 7
Exploratory Analysis Conclusion
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Task Complexity

Country

Expertise

Extraversion Variability
Agreeableness Variability
Conscientiousness Variability
Openness Variability
Conscientiousness Elevation
Openness Elevation

10 Extraversion Elevation

11 Agreeableness Elevation

12 Emotional Stability Elevation
13 Emotional Stability Variability
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common in personality research. Univariate analyses only
show relationships between one independent variable and a
dependent variable at a time disregarding the levels of other
independent variables. For example, an overall positive effect
of a variable may actually be negative when seen at various
levels of another variable even under acceptable collinearity
[41]. Hence, our confirmatory univariate results (Section 6.2)
must be read accordingly. Multiple regression solves this
problem, but in our case (Section 6.2), it also introduced
large models, the threat of overspecification, and the threat of
multicollinearity. The large model was a result of our desire
to test a model that expresses known empirical results. The
threat of overspecification was thus a consequence of this
and was part of the ensuing discussion of whether the model
is suitable. Multicollinearity was avoided by excluding cor-
related indicators for the same trait. Other than that, the
independent variables are not known to correlate substan-
tially. Several of the indicators are well-known to have non-
normal population distributions. We used the possibilities
of generalized linear models, bootstrapping and Bayesian
estimation to cater for non-normality as far as possible.
The exploratory analysis (Section 6.3) used regression trees,
which lose power at each successive level. Our counter
measure was to stop splitting when partition sizes decreased
below a recommended limit. Finally, reliability is unknown
for the indicators for which a single expert made subjective
assessments.

7.2.2 Internal Validity

Internal validity pertains to conclusions of causation. In
our setting, internal validity can be threatened if relations
have the wrong direction or if an observed correlation is
interpreted as a causation but where both variables are in fact
influenced by a third variable not in the model. Our models
are sound in many of these respects, but it may be that
certain relations are missing; for example, Personality indica-
tors may well influence the Expertise indicator. However, our
choices of models were directed by our overall research goals
(examining the effects of personality and other factors on
performance), and we leave possibly better specified analysis
models to future research.

7.2.3 External Validity

External validity concerns the degree to which conclusions
drawn on the specific variables of an empirical study are
valid for variations of those variables [95]. Together with
construct validity, external validity determines how well a
study may be generalized to other situations within the
intended theoretical or practical scope. For our study, exter-
nal validity pertains especially to the situational variables,
and thus indirectly to the independent variables that are
associated with them. We assume that the subjects were
representative for developers in the three countries and that
the study’s results are robust over variations of subjects, and
hence, variations in indicators of Personality and Expertise, in
these three countries. We base this on the reasonably large
sample size of subjects and companies and to the relatively
high degree of randomness in both the selected companies
and the developers within the companies. It is not clear to
us how robust any of these variables are in countries with
substantially different corporate cultures from those of our
study.

This study has a specific operationalization of the aggre-
gate construct of pair programming, which, in our opinion,
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represents a real-life pair-programming situation. However,
the results for this operationalization may fail to transfer
to variations on this operationalization, e.g., to longer pair
programming sessions in which longer-term group dynam-
ics, such as pair jelling [118], might be influential, or where
subjects are not dissuaded to engage in distracting activities.

7.2.4 Construct Validity

Construct validity concerns the degree to which the spe-
cific variables of an empirical study represent the intended
constructs in the conceptual or theoretical model [95]. Our
choices of constructs and indicators were presented in Sec-
tion 5.1 and in Section 6.3.

Although we have operationalized the Expertise construct
in a way that is common in industry and that is related
to common operationalizations in a wide range of research,
it is debatable whether this construct is reliable and valid.
For our data, variability within each Fee Category is larger
than between categories.!? The indicators that were used in
this study are not validated. That is why we analyzed each
indicator separately, even though we try to summarize our
findings at the construct level. It is not clear that our Perfor-
mance construct is the same as the concepts of performance
of the meta-analyses that we referred to when presenting the
conceptual models. However, at the current level of knowl-
edge we postulate that they are related. The connotative
definition of Performance irrespective of operationalizations
and decisions regarding reflective and formative definitions
in terms of indicators, are crucial unresolved issues. As-
suming for the moment a formative stance where indicators
represent different aspects of a construct, it is important to
acknowledge that our indicators are just that: aspects of the
construct, and not by themselves a full representative for
the construct. Task complexity, performance and expertise
are interrelated concepts, and our Task Complexity construct
also has short-comings that are under investigation. This
also relates to whether the tasks that were administered are
suitable to measure Performance. Nevertheless, our indicators
can reasonably be said to represent the intended constructs.

The Lexical Hypothesis implies that different language
versions of the Big Five indicators may not be equivalent.
This means that differences observed in Country with regards
to Personality may partly be due to such non-equivalence.
The different language versions in our study are validated
extensively to minimize this threat.

8 CONCLUSION

Personality may be a valid predictor for long-term team
performance. However, we found no strong indications that
personality affects pair programming performance or pair
gain in a consistent manner, especially when including pre-
dictors pertaining to expertise, task complexity, and country.

In the short term, we therefore think that it is worth for
industry and research alike to focus on other predictors
of performance, including expertise and task complexity.
Of particular interest might be relevant factors that are
under current investigation, such as team learning, team
motivation, and programming skill. In contrast to personality
traits, which are fixed in a person, malleable factors such as

12Work is ongoing to develop better indicators for Expertise that are more
reliable and that are on an interval scale rather than ordered categorical.
Work is also ongoing to develop a better Performance construct.



TABLE 8
Descriptive Data n=98, n=80 for Duration (Correctness=1)

min max  mean stddev
Dependent variables
Correctness 0 1 0.82 0.39
Duration 30 163 62.59 24.37
Methodology 9 15 13.00 1.33
Extensibility 9 15 13.20 1.35
Cost effectiveness 3 15 1249 2.14
Redesign 3 11 5.83 1.48
Regression grade 0 9 7.19 1.95
Independent variables
Extraversion
mean 32.84 6391 50.00 7.35
minimum 253  63.68 4474 8.58
maximum 3777  79.23 55.26 8.46
difference 0.02  30.29 7.43 6.10
Agreeableness
mean 351 6939  50.00 6.75
minimum 14.03  65.08  44.08 8.38
maximum 38.58 74.9 55.92 7.75
difference 0.01  29.96 8.37 6.25
Conscientiousnes
mean 24.89  69.27  50.00 7.81
minimum 2264 6796  45.10 8.55
maximum 2713  79.85 54.90 8.91
difference 021 2594 6.93 5.52
Emotional Stability
mean 29.32  66.58  50.00 8.13
minimum 16.31  65.33 45.15 9.80
maximum 3598  70.25 54.85 7.58
difference 0.05 19.17 6.85 4.61
Openness
mean 2121  71.37  50.00 7.68
minimum 11.23 674  44.89 9.39
maximum 31.18  75.33 55.11 7.74
difference 0.1 25.84 7.23 5.51

junior=25, intermediate=35, senior=38
centralized=51, delegated=47
Norway=41 Sweden=28, UK=29

Fee Category n:
Control Style n:
Country n:

learning, motivation and skill lend themselves to programs
of improvement.

In the long term, we think it is worthwhile to analyze the
relationships between personality and pair collaboration in
more detail. In particular, using collaboration as a mediator
variable might reveal larger effects of personality. Analyz-
ing the nature of collaboration would focus on the idea-
generating process prior to the selection of a solution. This
idea-generating stage may take the form of any of Steiner’s
task types. The form this stage takes may depend on the
nature of collaboration within a pair, and this in turn might
depend on personality. For example, a certain personality
combination in a pair might enforce the idea-generating
process as additive. Thus, the exact way to characterize a
pair’s joint personality may in fact depend on the individual
personalities. The investigation of such reciprocal effects
of personality (and also nonlinear effects) demands more
advanced analysis methods (e.g., path analysis) than those
that are commonly used at present.
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APPENDIX

This appendix contains descriptive data and the details of
the statistical analyses underlying the results of Section 6.2.
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TABLE 9
Univariate Analyses, n=98, n=80 for Duration (Correctness=1)

Correctness  Duration ~ Methodology — Extensibility ~Cost effect. ~ Redesign ~ Reg. grade
et bT b b b b b
Extraversion
mean  RIE 999 o1* -016 -023 -048 046%  -042
minimum 1.007 .005 -.008 -.009 -.040 018 -.045
maximum 992 o11* -017 -026 -031 051%%  -017
difference (R1V) 980 .006 -012 -023 013 .045 .040
Agreeableness
mean R2E 1.042 .003 -.021 .009 -.026 -.006 .023
minimum 998 .003 -.013 .006 -.016 -.003 .008
maximum 1.069% .000 -017 .006 -.021 -.006 .025
difference R2V 1.100 -.003 -.002 -.002 -.003 -.003 017
Conscientiousness
mean  R3E 1.019 004 -015 -055** -064* 002 000
minimum 1.031 -003 -016 -047%* -063* 016 007
maximum 1.001 008 -.008 -0417%* -.040 -011 -006
difference R3V' 955 016* 011 .004 .033 -047t -.023
Emotional Stability
mean R4E 1.026 -008t -.021 -.020 -.024 .023 013
minimum 1.019 -.004 -.010 -016 -.021 019 -.001
maximum 1.029 -012%* -.031 -018 -.021 022 .031
difference R4V 995 -007 -.027 017 .028 -017 062
Openness
mean R5E 1.030 -013** 002 .008 022 017 052*
minimum 1.034 -010* 002 .016 .025 .009 034
maximum 1.009 -012%* 001 -.006 006 019 051%*
difference R5V 950 .002 -.003 -omt -.043 .009 .002
Fee Category R6  x2: 162 26827** 1417 1713 3.231 1429 2367
junior-intermediate 040 20.191%* -131 -.035 -.266 -345 -.644
junior—senior .020 30.140%*  -384 -381 -907 036 -715
intermediate-senior -.020 99491 -253 -.346 -.641 .381 -071
Control Style R7 x2: 110 187 8.965%*  53.821%* 15.785%*  113.688** 978
centralized—delegated 100 4105 -768%*  -1.603%*  -1.588%* 2.155%* 387
Country X2: 1.109 6.298%* 1.880 .535 5.341 621 1.175
Norway-Sweden 100 4.105 -.025 -123 -799 -178 -217
Norway-UK .030 -11.550 -.408 -123 -1.102 126 -.508
Sweden-UK -.080 -15.655* -.383 260 -.303 304 -291

*p < 0.05 (two-tailed), **p < 0.01 (two-tailed), Tp < 0.05 (one-tailed). Effects for
the categorical variables are differences in means (Bonferroni-adjusted p-values).

Table 8 gives the descriptive data. Note that Duration is
considered only for Correctness = 1 (correct solutions).

Table 9 shows the univariate analyses. In reaching the
conclusion in Table 3, we considered all three indicators for
Elevation. For example, the hypothesized relationship R2E is
supported significantly at Correctness. One-tailed significance
is applicable for the hypothesized relations. Otherwise, two-
tailed significance is applicable. Logistic regression was ap-
plied for Correctness and the results are presented in terms
of odds ratios (e®). A generalized linear model (gamma log
link) was applied for Duration (b I'). Linear regression was
applied for the other indicators. Appropriate variants were
applied for the categorical independent variables.

Table 10 shows the multivariate analysis. Peeters et al. [88]
report that trait elevation and trait variation are negatively
correlated in general, but only significantly for agreeableness
and conscientiousness. Note also that there are inherent
correlations between dummy variables representing the same
measure. There are also correlations between interaction
terms and their components. All these correlations were
modeled, even though they are omitted from Fig. 5 and
Table 10 in order to avoid clutter.

The parameters of path models are estimated by a maxi-
mum likelihood algorithm that maximizes a fit index. Path
analysis engines also output powerful model fit indices, and
they cater for categorical dependent variables (by the way
of Bayesian estimation) and data that violates multivariate
normality (by the way of bootstrapped estimates).

The path weights in Table 10 are interpreted as multiple
regression coefficients, that is, a weight shows the influence
of an independent variable on the dependent variable, given
that all other independent variables are held constant at any
level. The path weights are computed using the Bayesian
Metropolis-Hastings MCMC algorithm [79], [59] in AMOS
(convergence criterion < 1.007, tuning parameter 0.35), which



TABLE 10
Multivariate Analyses, n=98, n=80 for Duration (Correctness=1)
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close to classical maximum likelihood (ML) algorithms [72].
To handle non-normality, we also computed path weights

using ML estimation with bootstrapping. These weights and

Correctness Duration  Methodology  Extensibility Cost effect. ~ Redesign  Reg. grade . . R ) .
” o Tt o PR it 95% confidence intervals were very similar to the Bayesian
et . o ot .
o mea s . o s o2 o . weights and 95% credibility intervals. Welénclude p-values
RIE -.003 181 -.001 -.008 -.030 -.023 -.023 1 1 1 1
e o o et s o - for both estimation techniques in Table 10.
pereIE 000 099 001 03 w020 -06 Taple 11 gives goodness of fit indices. The optimal
|greeableness mean
2E -.001 212 -011 -.021 -.002 .001 -.035 1 1 1cH1 - 1 1
oE o1 -t e -2t =05 Bayesian Posterior Predictive p-value is 0.5, with values on
R2E 013 -.343 -.042 -.001 -.034 .036 .000 1 1 1 1 1 1 1 1 1
e o 3 e o1 o0 %0 either side approaching 0 or 1 indicating inferior fit. Our
Agreeableness mean X Fee Category 1 1 1 1
e men X Fee qategory s o0 o o 06 o Obtained values of about 0.05 indicate a moderate fit. The
R2E1 -.020 547 -.002 -.035 -.051 -012 -.045 1 1 1 1 1
RaELp -0 el -0 e - -2 - Deviance Information criterion (DIC) and Effective parame-
R2E1 ¢ -.021 613 -.004 -.033 -.038 -.020 -.060 1 1 1 1
e ol 004 s -0 -00 - ters indices are not absolute fit measures but are provided
R2E2 013 -177 036 038 .055 -.049 .030 1 1-
RaE2y ous -7 036 oo s e 00 for future moglel comparison [72]. For the ML Bootstrap esti
Agrenions difirence s a7 210 2o w05 005 mation, the R*s for the mediator (Individual Performance) and
R2V -.001 -.042 .000 -.004 -.004 -.005 -.001 1 I 1
v’ o e oo iR PO w1 dependent variable (Pair Performance) show the proport1or21
R2V 011 -.593 -014 -.001 -.018 .002 024 1 1
v meo o on s @ of variance accounted for by the analysis models. The x
conle " .
oreeoess e o 0 o5 i .om om . Statistic measures the discrepancy between the observed data
R3E 012 -1.168 -.002 011 062 -.001 -.078 1 1
RiEp o2 Ll -0 a2 -0 gnd the corresponding values predicted by the model. The
oS e x Foe Cateer S 038 064 107 -038 -3 associated p-value signifies the probability of the observed
onscientiousness mean X Fee Category X . R | . R
R3E1 o905 07458 ons oz 0s8 o data under the null hypothesis of this discrepancy being
R3E1p -011 1.281 -014 -048 -117 011 099 . L X
R3EL o2 1238 -006 -0 es o 126 zero. Thus, higher p-values signify better fit. The Bollen-
R3E1 -031 1293 -080 -109 -167 069 086 K . . . o
R3E2, 016 -013 024 053051 -013 o Stine bootstrap estimation [12] adjusts these statistics in the
R3E2p -015 1.142 -.003 -.091 -.155 -.044 049 2
R3E2 016 1133 -001 -083 137 -041 03 event of non-normal data. Thus, the expected x* value (the
R3E2 -032 1.146 -025 -136 -188 -028 033 9 1 . i
Conscientionsress differece average of x* values over all bootstrap iterations) is seen to
3V, -011 394 -014 -026 -031 004 .000 X ; 9 R X
R3V oo sset o -1 o2 - -2 be higher than the final x* value. This results in an upward-
R3V -010 1.263 011 -.025 011 -.009 -.021 . . .
R3V G 002 868 025 001 42 013 22 adjusted (Bollen-Stine) p-value relative to the standard p-
Emotional Stability me: . . . .
e o0 s o2 o os ;6 -z value that assumes multivariate normality. Also provided,
R4E -013 -1.205 -015 -.010 -.005 -012 .087 . . .
Ree” o e ~oua 06 o0 008 oo is the Root Mean Square Error of Approximation (RMSEA)
R4E -012 -1.095 -.026 -.028 -014 .008 091 . . . . . . .
Emotional Stability mean X Fee Category which is a parsimony-adjusted index in the sense that it
R4E1 .009 537 -.036 -.052 -.027 042 020 .
R4EL) ‘wit o o no ooe 0w s favors models with fewer parameters [14]. Lower RMSEA
R4E1 omtt 1120 -034 002 -016 005 -067 ioni i
e 04 12 o ozo-0e s 067 yalues signify better fit, where RMSEA values less than or
R4E2 008 -072 -.007 -023 003 026 020 i 1 1 i
byrtl 00 72 Q07 o6 o0 equal to 0.05 indicates close approximate fit, values between
R4E2 018 441 006 -023 -019 013 -.061 1 1 1 1
e o8 a 206 00 018 61 0.05 and 0.08 indicates reasonable error of approximation,
Emotional Stability dij 1 1
otinal Statlty diference 1o . - s o e o and values above 0.1 suggest poor fit [14], [70]. The Akaike
R4V -010 -2.448 -.002 -.032 026 -019 126 1 1 1 1 1 - 1
RV p o0 2 e o0 126 Information Criterion (AIC) is also a parsimony-adjusted
R4V -021 -2.364 -.035 -075 013 .000 127 1 1 1
ot Gty difrence X Fee Coy index and is useful when comparing contesting models,
V1 -011 546 -023 -.036 006 013 010 1 1
v o e o we e a3 00 and lower values are favorable. The Comparative Fit Index
R4V1 005 2.307 -.105 009 -120 -.001 -.081 1 1 1
vl w5 2307 Jlos Q9 120001 -1 (CFI) is an index that compares the proposed model with
R4V2 -.030 142 -021 -.058 -017 001 -018 1 1
Rave @0 1 -l @s oz on -0 the model where no variables are related (the independence
R4V2 .008 2.293 -.025 .009 -011 -.001 -.106 1
e ws 229 o o cou-on -1 model). Higher CFI values are favorable, and values above
openV2g g .
pennes mean . o . . o o 0.9 indicate reasonable fit [63], [70].
R5E p .001 -134 023 .025 040 -015 038
R5E .001 -.156 .025 .029 048 -010 052
R5E -.006 -129 .000 004 026 012 032 TABLE 11
O d o H H
e e 02 79 o003 i o2 s 037 Multivariate Analyses Fit Measures
R5V p 010 1376"' 045 029 077 .007 189
R5V .010 607 045 027 .081 012 215
R5V ¢ .008 1.586 042 041 069 037 178 Correctness Duration Methodology Extensibility Cost effect. Redesign Reg. grade
Omu}g;/llhffmm X e Catgory 002 613 040 031 004 013 024 Fit Measures (Bayesian)
! - + b : : b - - + Post Predictive p 040 070 040 030 .040 040 030
R5VLp -036 205 -044 -058 -089 -016 -200 DIC 640630 629910 644330  649.770 642790 644490  643.970
R5V1 -.035"’ 685 -.040 -.048 -.088 -013 -.217"'i Effective parameters 154.650 138.810 154.390 153.440  153.890 155.290  154.630
R5V1g -.034 072 -.080 -079 -.092 .000 -193 Fit Measures (ML Bootstrap)
R5V2| -000 1.156 001 009 -002 008 -032 R? Mediator 339 407 297 329 331 278 268
R5V2p -025 2179 007 --”6T -150 -088 -263t% R2 Dependent 268 717 312 555 335 696 399
R5V2 -.025 -1272 008 -1157 -151 -090 -2851+ x2 di=174 218.279 208.486 218273 219550 218371 218131 221.027
R5V2 ¢ -025 -2.428 .006 -124 -.149 -.098 -.252 P 013 .038 013 011 013 012 .009
Fee Category expected x 2 217.044 235846 215688 216119 216286 215822 216.570
R61; -1.094 -35.024 -1.375 -110 -582 -374 -4.850 Bollen-Stine p 451 640 444 438 445 449 421
Ré61p -.003 —160.654T 3.182 4.087 10.489 -519 2.615 RMSEA 051 .050 .051 .052 051 .051 .053
Ré61 038 —188.410T 3.062 4.075 10.290 -422 -.640 AIC 624.279 614.486 624.273 625550  624.371 624.131  627.027
R61¢ 1.133 -153.386 4.438 4.186 10.872 -.048 4.210 CFI 986 987 986 986 986 987 986
R62; 2.107 -20.543 -1.814 -3.783 -3.752 -577 -6.741
R62 p -.637 -89.137 -2.697 4.928 7.685 5.434 1.615
R62 -562 -105.483 -2.883 4.402 6.345 5.572 -2.971
R62¢ 1.546 -84.940 -1.069 8.185 10.096 6.149 3.770
Fee Category X Control Style
R611 100 14.303 147 -429 -.706 -222 1.998T R E F E R E N C E S
R621 -104 9.228 1626TF -923 657 -1506TF 2074t
Control Style [1] M. Ally, F. Darroch, and M. Toleman, “A framework for understand-
R7 025 20657 224 2038 1976 1762 238571

ing the factors influencing pair programming success,” in Proc. XP

*» < 0.05 (two-tailed), Tp < 0.05 (one-tailed), $p < 0.05 (two-tailed bootstrap
ML), *p < 0.05 (one-tailed bootstrap ML).

handles categorical data. All prior distributions were set to
uniform (diffuse) which conceptually, reduces Bayesian esti-
mation to classical estimation and gives path weights that are

2005. Springer-Verlag, 2005, pp. 82-91.

13In the Bayesian approach, unknown population parameters are viewed
as random, rather than fixed as in the classical approach. Thus, p-values
and credibility intervals for Bayesian estimated path weights are statements
about the actual unknown population distribution, rather than statements
about the likelihood of present data under a null hypothesis. However, in
our case we use the Bayesian estimates classically.
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