Tweaking Association Rules to
Optimize Software Change
Recommendations
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A medida que um software evolui, sua estrutura
tende a tornar-se mais complexa.
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A medida que um software evolui, sua estrutura

tende a tornar-se mais complexa.

N

A complexidade afeta
diretamente como o
software é modificado!
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‘ ‘ Recomendagao

de Mudanga

=> Identificam acoplamentos
de mudanca entre
artefatos
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Se um desenvolvedor alterar o arquivo A, ele

provavelmente irda alterar o arquivo B.

Vou usar recomendacao
de mudancas no meu
projeto!




Qual o tamanho do historico devo
usar para gerar as regras?

E os valores de suporte e
confianca? Quais devo usar?

Novas mudancas no projeto
alteram minhas recomendacoes?
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Objetivo

Investigar como determinar empiricamente os
limiares das medidas de interesse e o0 conjunto
de treinamento que geram as recomendacoes
de mudanc¢a com maior acurdcia.
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L INTRODUCTION

When software systems evolve, the interactions in the somrce
code grow in number and complexity. As a result, it becomes
for dopers 10 pradict the overall

effect of making a change to0 the system. Change Impact
Asalysis (1] bas been proposed as 2 solution % this problem,
smed ot idesifying software amfaces (e.g., files, methods,
classes) affected by a given change. Traditsomally, technigees
for change mmpact malysis are based on static of dymamic
analysis, which identify dependencies, for example, methods
calling oc called by a changed method (2, 3, 4). However,
stutic and dysamic asalysis are generally language-specific,
making them hard o apply 10 modern heterogensous software
systems [5). In additicn, dymamic analysis can involve consid-
erable overbead (e.g., from code instrumentation), while stats
analysis tends 10 over-approximate the impact of changes [(6).
To address these challenges, akemative techniques have
been proposed that identify dependencies through evolunfowary
coupting (7. 8. 9, 10). In essence, mphng

ems were mimed. The
ty of amy change impact
ry coupling. However,
wnd that the effects of
ociation rules have not
been systematically ssadied. We address this shoncoming.
Centributions: This paper presests a senes of systematic
expeniments using the change histones of two lage mdus.
trial systems and 17 large open source systems. The stady
makes two key comtribetions: (1) we isvestigaie the exient to
which hissory length and age affect the quality (fomalized
in Section IV-F) of the change impact sets derived via as-
sociation nale mining, and (2) we desive practical gedelines
for selecting an appropriate systens-specific value for hissory
length and for determining at what age a model has sufficiently
deseriorated 10 benefit from rebalding. The guidelines enable
2 team of eagmeers 10 best explos association rule mising for
change impact analysis in the comtext of their project.
Overview:  The remainder of this paper is organized s
follows: Section Il peovides background oo muning evolu-
tionary coupling. Sectom [l presents our research questions.
Secuion 1V describes the sesup of our empinical investigation,
whose resalts are presented in Secsion V. Finally, Sectica VI
presents related woek, and then Sectiom VI provides some
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SJango Shiny

by RStudio

:’,‘ google-gson

A Java library to convert JSON to Java objects and vice-versa

diferentes projetos analisados
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Quantidade de transacoes

CPython Django Gson Laravel Shiny

87.500

65.625

43.750

21.875

0
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QP1

Como a acurdcia do modelo de
recomendacao de mudancas
baseado em Algoritmo Genetico
se compara aquela do modelo
proposto pela Regressao?

QP2

Como a acuracia dos modelos de
recomendacao de mudanca se
comporta quando o conjunto de
teste aumenta?



Abordagem Proposta

Pré-processamento

(i

Extracao e
filtragem

Historico
filtrado

@[ '
t

-

J

Histérico
do Projeto \_ Treinamento j
Separacao dos Conjuntos
Funcao de Aptidao
ol = ¥ h
- - 1
Geracao das| |Execucéo da Avaliacao da —
regras consulta consulta —
Resultados

Execucao do Algoritmo Genético
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o

das modificacoes
mais recentes de cada

projeto para testar os
modelos.
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QP

Shiny - = ——

Laravel +

Gson

Projeto

Django - . I

CPython =

0.0 0.1 0.2 0.3
MAP

Distribuicdo do modelo estdtico para cada projeto.
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Shiny -

N

A funcao de Regressao nao foi capaz de prever
historico suficiente para os projetos menores.

e s

CPython

—

0.0

0.1 0.2 0.3
MAP

Distribuicdo do modelo estatico para cada projeto.
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QP

035 m Regressao
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0.3
0.25

0.2

MAP

0.15

0.1

0.05
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Resultado da execu¢ao dos modelos com 5% de teste.
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QP

0.35 . Regressao

I
O Algorltmo Genético se adapta ao tamanho do
projeto.

MAP
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Resultado da execu¢ao dos modelos com 5% de teste.
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o

A melhoria na acuracia das
recomendacoes diminui o esforco do
desenvolvedor em encontrar
arquivos para realizar uma
mudanca.
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4 tamanhos de teste

Mairieli Wessel | 21/25



0.6 W Regressao
M Algoritmo
0.14

laravel

0.12

0.1

MAP

0.08
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0.02

5% Teste 10% Teste 20% Teste 30% Teste

Resultado da execu¢ao dos modelos para o projeto Laravel.
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Consideracoes Finais

e O modelo proposto se adapta a diferentes tamanhos de
historicos de projetos.

e Dispensa preocupacao com as medidas de interesse.
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