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学位论文中文摘要：
持续集成是一种现代的软件工程实践方式，鼓励工程师频繁地进行代码提交和整合工作，以便尽早发现代码整合中可能出现的错误。虽然持续集成已经广泛应用于各种软件项目中，提高了软件开发的质量和效率，但是，持续集成的高昂开销成为了软件开发效率的重要瓶颈之一。如何节省持续集成的构建开销，受到了广泛的关注。
在持续集成中，每个构建是一个完整的集成周期。节省持续集成构建开销的方法，目前分为两类。第一类是节省构建内的开销，第二类是跳过构建。第一类方法的代表性技术是测试用例排序选择。但是，该技术没有利用构建信息，缺乏构建区分度，对不同的构建使用相同的选择比例。第二类方法的代表性技术是跳过机器学习预测结果为“构建成功” 的构建。但是该技术会跳过构建中的所有测试用例，当机器学习预测结果为假阴性结果时，会遗漏失败测试用例。
针对以上问题，本文提出了动态比例的测试用例排序选择技术DTS。对于每个构建，DTS 首先通过机器学习模型获得一个动态的测试用例选择比例；然后使用测试用例排序技术计算测试用例的优先级，根据优先级和选择比例进行测试用例选择。DTS 旨在缓解上述两类方法的不足。相比于测试用例排序选择技术，DTS 对不同构建使用不同的测试比例。相比于跳过构建的方法，DTS 不会跳过整个测试用例集，而是跳过部分测试用例，对机器学习模型预测结果不准确的容忍度更高。此外，本文在现有工作基础上，对构建测试失败预测模型进行了改进，保证机器学习的效果。
为了验证DTS 的有效性，本文以构建失败预测的经典数据集TravisTorrent为基础，创建了一个包含测试用例信息的数据集，并在超过100 个项目上进行了实验。实验结果证实了DTS 的可行性，在相近的节省开销比例下，与现有的技术相比，DTS 可以提高19.9% 到32.0% 的失败测试用例检测率。对于不同的软件工程项目，DTS 具有良好的适用性，在约46.4% 的项目上优于三种现有技术。
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学位论文英文摘要：
Continuous integration is a modern software practice, which encourages developers to submit and integrate code frequently, in order to disclose possible merge conflicts early. Though it has been used widely in a variety of software projects to benefit the quality and efficiency of software development, it also comes with high cost, which becomes one of the bottlenecks of software development. As a result, huge research efforts have been made on the cost reduction of continuous integration. 

Continuous integration consists of builds, each of which is a complete integration cycle. Existing methods to reduce the cost of continuous integration include two categories. One is to save the cost of one build. The other is to skip some builds. A
representative method of the former is test case prioritization and selection. However, it does not make use of build information, and thus fail to make build-specific decisions. For example, they always select identical proportion of test cases for different builds. A  representative case of the latter is to skip the builds are predicted to be “successful” by machine learning models. However, it will skip the whole test suite with respect to the build, and thus lead to the missing of failed test cases whenever the prediction result is a false negative result.

In the thesis, a test prioritization and selection method with dynamic proportion selection is given, which is named DTS. For each build, DTS determines a dynamic proportion for test case selection via a machine learning model. It then calculates the priority of test cases based on test case prioritization technique, and select the test cases accordingly. DTS is designed to alleviate the disadvantages of the two categories of approaching. Compared to the former, DTS may select different proportion of test cases for different builds. Compared to the latter, DTS works in a manner to skip a portion of test suite rather than the entire test suite, which is more fault tolerable if the prediction result is not precise. Moreover, in the thesis, we also focus on improving the failure prediction models based on existing studies, which guarantees the effectiveness of machine learning used in the process of DTS.

To verify the feasibility and evaluate the effectiveness of DTS, we construct a database of test case execution information based on the extensively used data set for failure prediction, TravisTorrent. We conduct several experiments on over 100 software projects to evaluate our work. The experiment results demonstrate the feasibility of DTS and show that compared with the state-of-the-art techniques, DTS has the ability to detect 19.9% to 32.0% more failed test cases within the same testing cost. At the same time, DTS performs better than all three existing peer techniques on approximately 46.4% of projects.
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