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Learning Objectives for this Lesson

By the end of this lesson, you should be able to...

* Apply a goal/signal/metrics framework in software engineering as a feedback
loop to iImprove processes



McNamara Fallacy

Reminder (See Lesson 12.2)

 Measure whatever can be easily measured
* Disregard that which cannot be measured easily

 Presume that which cannot be measured easily
IS not Important

 Presume that which cannot be measured easily
does not exist
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ABSTRACT

What is the effect of programming languages on software qual-
ity? This question has been a topic of much debate for a very long
time. In this study, we gather a very large data set from GitHub
(728 projects, 63 Million SLOC, 29,000 authors, 1.5 million com-
mits, in 17 languages) in an attempt to shed some empirical light
on this question. This reasonably large sample size allows us to use
a mixed-methods approach, combining multiple regression model-
ing with visualization and text analytics, to study the effect of lan-
guage features such as static v.s. dynamic typing, strong v.s. weak
typing on software quality. By triangulating findings from differ-
ent methods, and controlling for confounding effects such as team
size, project size, and project history, we report that language de-
sign does have a significant, but modest effect on software quality.
Most notably, it does appear that strong typing is modestly better
than weak typing, and among functional languages, static typing is
also somewhat better than dynamic typing. We also find that func-
tional languages are somewhat better than procedural languages. It
is worth noting that these modest effects arising from language de-
sign are overwhelmingly dominated by the process factors such as
project size, team size, and commit size. However, we hasten to
caution the reader that even these modest effects might quite possi-
bly be due to other, intangible process factors, e.g., the preference
of certain personality types for functional, static and strongly typed
languages.

Categories and Subject Descriptors

D.3.3 [PROGRAMMING LANGUAGES]: [Language Constructs
and Features|

General Terms
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1. INTRODUCTION

A variety of debates ensue during discussions whether a given
programming language is “the right tool for the job". While some
of these debates may appear to be tinged with an almost religious
fervor, most people would agree that a programming language can
impact not only the coding process, but also the properties of the
resulting artifact.

Advocates of strong static typing argue that type inference will
catch software bugs early. Advocates of dynamic typing may argue
that rather than spend a lot of time correcting annoying static type
errors arising from sound, conservative static type checking algo-
rithms in compilers, it’s better to rely on strong dynamic typing to
catch errors as and when they arise. These debates, however, have
largely been of the armchair variety; usually the evidence offered
in support of one position or the other tends to be anecdotal.

Empirical evidence for the existence of associations between code
quality programming language choice, language properties, and us-
age domains, could help developers make more informed choices.

Given the number of other factors that influence software en-
gineering outcomes, obtaining such evidence, however, is a chal-
lenging task. Considering software quality, for example, there are
a number of well-known influential factors, including source code
size [11], the number of developers [36, 6], and age/maturity [16).
These factors are known to have a strong influence on software
quality, and indeed, such process factors can effectively predict de-
fect localities [32]).

One approach to teasing out just the effect of language prop-
erties, even in the face of such daunting confounds, is to do a
controlled experiment. Some recent works have conducted exper-
iments in controlled settings with tasks of limited scope, with stu-
dents, using languages with static or dynamic typing (based on ex-
perimental treatment setting) [14, 22, 19]. While type of controlled
study is “El Camino Real” to solid empirical evidence,another op-
portunity has recently arisen, thanks to the large number of open
source projects collected in software forges such as GitHub.

GitHub contains many projects in multiple languages. These
projects vary a great deal across size, age, and number of devel-
opers. Each project repository provides a historical record from
which we extract project data including the contribution history,
project size, authorship, and defect repair. We use this data to deter-
mine the effects of language features on defect occurrence using a
variety of tools. Our approach is best described as mixed-methods,
or triangulation [10] approach. A quantitative (multiple regression)
study is further examined using mixed methods: text analysis, clus-
tering, and visualization. The observations from the mixed methods
largely confirm the findings of the quantitative study.
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Metrics and Productivity

Applying metrics, sanely

 Consider multiple quantitative and qualitative metrics

* Use metrics to evaluate performance in aggregate, and not for an individual’s
performance review



Measuring and Improving Engineering Productivity
Example: Code Review Processes

Project lead

Education
Maintaining
P Maintaining norms
' . norms Gatekeeping
/ Readability Other
reviewers Developer teams
Education _
You need to have 100’s of successful Maintaining Egzgg) (;” revention
changes integrated before you can be a norms  ~ P
readability reviewer New team Other team
Is this hazing? members members

Do linters replace this?

“Modern Code Review: A Case Study at Google”, Sadowski et al, ICSE 2018



How do we measure process efficiency?

Goal/Signal/Metric framework

e (Goal: desired end result

» Signal: How we’re likely to know if we’ve achieved the end result, may not be
measurable

* Metric: A proxy for a signal, which can actually be measured

[Software Engineering @ Google Ch 7]
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to Metrics

From Quality Goals

McCall Quality Model

Use Factor Criteria
Communicativeness -
Consistenc .
Product Z... Reliability Y
operation \ Device Efficiency —™
Efficiency Accessibility -
Completeness .
Reusability METRICS
Structuredness ™
Maintainability Conciseness ™
Product Device independence —™
revision N Portabilit
\ y Legability e
Testability Self-descriptiveness — ™
Traceability ™

“*A Framework for the Measurement of Software Quality”, Cavano & McCall
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From Quality Goals to Metrics

McCall Quality Model

Maintainability

Correctability

Testability
Expandability

Faults count

Degree of testing

1]

Effort

Change counts

OO0

Closure time
|solate/fix time
Fault rate

Statement coverage

est plan completeness

Resource prediction
Effort expenditure

nange effort
nange size
nange rate




Engineering Productivity: A Broad Goal
QUANTS components

* Quality of the code (Is it tested? Is it maintainable?)
e Attention from engineers (Does the process distract engineers?)

* |ntellectual complexity (How does the complexity of the process relate to the
complexity of the task?)

 Tempo and velocity (How quickly can engineers accomplish their tasks?)

o Satisfaction (How happy are engineers?)

[Software Engineering @ Google Ch 7]
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From Goals to Signals and Metrics

Readability Review

 Goal: “Engineers write higher-quality code as a result of the readability process.”

» Signal: “Engineers who have been granted readability judge their code to be of higher
quality than engineers who have not been granted readability.”

* Metric: “Quarterly Survey: Proportion of engineers who report being satisfied with the
quality of their own code”

* Signal: “The readability process has a positive impact on code quality.”

* Metric: “Readability Survey: Proportion of engineers reporting that readability reviews
have no impact or negative impact on code quality”

* Metric: “Readability Survey: Proportion of engineers reporting that participating in the
readability process has improved code quality for their team”

[Software Engineering @ Google Ch 7]
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A closing word on productivity

“On the cruelty of really teaching computing science”

From there it is only a small step to measuring ‘programmer
productivity’ in terms of ‘number of lines of code produced
per month.’ This is a very costly measuring unit because it
encourages the writing of insipid code, but today | am less
Interested in how foolish a unit it is from even a pure
business point of view. My point today is that, if we wish to
count lines of code, we should not regard them as ‘lines
produced’ but as ‘lines spent’: the current conventional
wisdom is so foolish as to book that count on the wrong side
of the ledger.

- Edsger W. Dijkstra
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