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Abstract

Code readability classification (which refers to classification of a piece of source code as

either readable or unreadable) has attracted increasing concern in academia and industry.

To build accurate classification models, existing studies mainly consist of two phases: 1)

Collect labeled data by conducting a large-scale survey, inviting multiple human annotators

(preferably domain experts) to rate code snippets by readability; 2) Handcraft features from

different aspects that intuitively seem to have some effect on code readability, and then train

a machine learning classifier using data collected from the first phase.

Despite the encouraging results, several problems have been identified with existing

approaches. For instance, in Phase 1, the process of code readability survey has long been

criticized as laborious and tedious (Problem 1), while in Phase 2, the widely used feature

engineering method is labor-intensive and can capture only partial information about the

source code (Problem 2). In this thesis, we deal with these two problems by using several

latest techniques.

To address Problem 1, we introduce a new interactive method with the advent of gami-

fication techniques and implement it as GamiCRS (A Gamification System for Code Read-

ability Survey). The focus is on incorporating game-based mechanisms to enable partici-

pants with positive attitudes towards a more interesting survey process, with the underlying

goal of improving the quality of survey results. A complete incentive and reward model
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is proposed together with a combination of both intrinsic and extrinsic motivators identi-

fied. To ensure its dynamic efficacy, a field experiment is carried out to compare GamiCRS

with its non-gamified counterparts. The empirical results show a positive effect towards the

application of GamiCRS.

To address Problem 2, we introduce a deep learning-based approach that can learn

complicated underlying features automatically from the source code. Our approach is not

another model based on feature engineering, but a constructive method of gaining a deep

understanding of what constitutes a readable code, which makes our study novel in this

regard. Specifically, we treat a source code as a matrix of symbols, and leverage Convolu-

tional Neural Networks (ConvNets) to automatically learn features directly from the input

data. Our approach has the advantage of requiring no human intervention and thus can

effectively avoid personal biases and neglects of certain features.

First, we formulate a strategy for source code representation to enable deep learning-

based program analyses. In particular, we parse the source codes into a set of symbols

according to different granularities (i.e., Character-Level, Token-Level, and Node-Level

Representation), and then convert the symbols into integer matrices, which is the universal

format that ConvNets can easily analyze and manipulate. Corresponding to each granu-

larity, we construct three separate ConvNets with identical architectures. The objective is

to have multiple ConvNets that are skillful, but from different perspectives. In order to

improve model generality and applicability, we then aggregate the three ConvNets with

adjustable weights. We denote the resulting model as DeepCRM (A Deep Learning-Based

Code Readability Model).

To evaluate whether deep learning is beneficial, we compare our approach with five

state-of-the-art code readability models, namely, Buse et al.’s Model, Posnett et al.’s Model,
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Dorn et al.’s Model, Scalabrino et al.’s Model, and A Comprehensive Model. The experi-

mental results show that DeepCRM outperforms previous approaches. The improvement

in accuracy ranges from 2.4% to 17.2%, confirming the efficacy of deep learning tech-

niques in the task of code readability classification. Although deep learning has achieved

remarkable success in other areas, to the best of our knowledge, we are the first to observe

its effectiveness in code readability classification. We hope that the promising results will

interest and encourage more in-depth research in this new field.
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Chapter 1

Introduction

Reading source code is a frequent activity in software maintenance and evolution. De-

velopers must read and fully understand source code before attempting any changes. It is

therefore desirable to have readable code that is less erroneous [42], more reusable [99],

and easier to maintain [108]. As shown in Figure 1.1, the visual appearance of a source

code in general is referred to as its readability [28].

Research on code readability is of great importance. If automated readability metrics

were available, they could be integrated into real-world scenarios such as modern IDEs

(Integrated Development Environments) and version control products, and thus assist de-

velopers to identify poorly written code [17, 89]. However, as of today, only a few code

readability models have been proposed in the literature [17, 42, 99].

This thesis is devoted to the study of code readability. In this chapter, we first briefly

introduce the background of code readability research. Then we provide the motivation and

contribution of our work.

1



CHAPTER 1. INTRODUCTION 2

/**

     * Creates a new <code>DisbandUnitAction</code>.

     * 

     * @param freeColClient The main controller object for the client.

     */

DisbandUnitAction(FreeColClient freeColClient) {

super(freeColClient, "unit.state.8", null, KeyStroke...

putValue(BUTTON_IMAGE, freeColClient.getImageLibrary()...

ImageLibrary.UNIT_BUTTON_DISBAND,

0));

putValue(BUTTON_ROLLOVER_IMAGE, freeColClient...

getUnitButtonImageIcon(

ImageLibrary.UNIT_BUTTON_DISBAND, 1));

Unreadable Code (Mean Readability Score - 2.01)

/**

   * Add one zero if necessary

   * @param number

   * @return

   */

private CharSequence addZero(int number) {

StringBuilder builder = new StringBuilder();

if (number < 10) {

builder.append('0');

}

builder.append(Integer.toString(number));

Readable Code (Mean Readability Score - 4.02)

Figure 1.1: Readable Code Versus Unreadable Code

1.1 Background

Software development is a complex activity that requires a group of developers working

together. When collaborating, it is necessary for each developer to maintain a high level of

code readability, in an attempt to minimize the time and effort others have to spend reading

and understanding it. Actually, about 70% of the lifecycle cost of a software project is

in the maintenance phase [13]. Estimates show that this high maintenance cost correlates

strongly with the difficulty of reading and understanding source code, particularly that
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written by others [44, 15, 115], which highlights the importance of a good measurement of

code readability.

Code readability refers to a human judgment of how easily a program’s source code can

be read and understood [17], which has significant relation with software reusability, relia-

bility, maintainability, complexity, and portability metrics [108]. The process of classifying

a piece of source code as either readable or unreadable is referred to as Code Readability

Classification.

In a survey of the information needs of 110 developers and managers at Microsoft, 90%

of participants recorded that they would use readability metrics if they were available [18],

but little relevant research has been reported. For instance, Buse et al. constructed a code

readability model based on a simple set of local code features and showed that it could be

75% to 80% effective at predicting human readability judgments [17]. Making use of the

well-known size and Halstead metrics, Posnett et al. [89] presented another model that was

simpler and performed better than that of Buse et al.

According to the definition, code readability is essentially an intuitive concept that is

claimed to connect with various factors such as the structural pattern (e.g., nested loops and

recursive functions) and the spatial layout (e.g., blank lines and indentations) [108, 98].

Because a source code that is considered readable by one person may not be considered

so by another, a large-scale survey involving multiple human annotators is necessary to

determine whether a source code is readable or unreadable. Therefore, the first phase of

modern code readability studies is usually a survey process, followed by a second phase that

aims to construct a classification model (a machine learning classifier) based on the dataset

gathered during the first phase as the ground truth. The entire workflow is illustrated in

Figure 1.2.
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Phase 1. Data Collection (Code Readability Survey) Phase 2. Model Construction

DatasetDataset Classifier

Human Annotators

Feature
Extractor

Source Files

Readable

Unreadable
Label

(Readable or Unreadable)

Spatial Layout Features
Textual Features
Structural Features

……

Figure 1.2: Workflow of Code Readability Research

1.2 Motivation

Despite the encouraging results, several problems limit the performance and generality of

the existing approaches. One major obstacle is the difficulty of experimentally reifying

people’s subjective perceptions of whether a source code is readable [89]. Another sig-

nificant threat is likely the widely used feature engineering process. We describe the two

problems in detail below.

1.2.1 Problem 1. Data Collection (Code Readability Survey)

Code readability is an intuitive concept, a source code that an individual perceives as clear

and clean may not be considered equally by others. Accordingly, a large-scale survey in-

volving multiple domain experts is fundamentally necessary to abstract human perceptions

into consistent, standardized representations.

Although survey plays a critical role in code readability studies, its methodology has

long been criticized for the dullness and pointlessness. For researchers, a survey is gener-

ally too complicated to design, too laborious to perform, and too difficult to recruit human
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participants [19]. Meanwhile, as the traditional survey process is in itself neither amus-

ing nor rewarding, it is possible that participants remain low incentives and motivation to

contribute, resulting in negative behaviors such as premature termination and random re-

sponding [43, 51]. These problems inspire our research into finding effective ways to foster

voluntary participation and active engagement, with the underlying goal of improving the

quality of survey results.

Gamification is the application of typical game design elements (e.g. points, levels,

and badges) into non-game contexts [37], which is a promising approach for motivating

desired behaviors. When employed properly, it can be a very powerful tool to improve

engagement and enhance productivity. Successful implementations range from education

[35], business [111], work [62], to health [73]. A literature review has shown that the

majority of empirical studies on gamification produce positive effects and benefits [50].

Referring to the success of previous studies, we envision the use of game-based mechanics

and aesthetics in the context of code readability survey as a persuasive technique.

1.2.2 Problem 2. Model Construction (Manual Feature Engineering)

As shown in Figure 1.2, a common practice in the second phase of code readability research

is to handcraft readability-related features, and then apply them as predictors to differentiate

between readable and unreadable codes. For instance, Buse et al. [17] designed a set of

layout features (e.g., the number of blank lines1), whereas Scalabrino et al. [99] attached

greater importance to textual aspects (e.g., the readability of comments). However, this

widely used feature engineering method has the following problems:

• Inefficient
1In fact, several recent studies suggested that simple blank lines are more important than comments to

local judgments of code readability [17, 110].
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– Handcrafting good features is difficult and time-consuming because it requires

strong domain-specific knowledge [29]. Moreover, researchers and practition-

ers must examine the validity of all promising features separately or as a com-

bination, which makes the manual approach expensive or even impossible.

• Ineffective

– First, the process can capture only partial information about the source code,

which may not be adequate. For instance, Buse et al. [17] proposed the first

model of code readability based on a set of layout features (e.g., the number

of blank lines). We cannot claim that the features proposed by Buse et al.

are sufficient to represent code readability, and this is indeed the case. In a

recent study, Scalabrino et al. [99] further introduced a set of textual features by

considering lexical aspects of source code involved in identifiers and comments.

The results showed that the proposed features complemented Buse et al.’s work

when predicting code readability judgments. Similarly, we still cannot claim

that the features proposed by Buse et al. and Scalabrino et al. are sufficient to

represent code readability.

– Second, features that are usable for one dataset may not be usable for another.

For instance, on Buse et al.’s Dataset, Buse et al.’s Model [17] can achieve

the best performance (in comparison with Dorn et al.’s Model [42], Posnett et

al.’s Model [89], and Scalabrino et al.’s Model [99]), whereas on Dorn et al.’s

Dataset, Buse et al.’s Model performs unsurprisingly worse than Dorn et al.’s

Model [42].

– Third, redundancies and overlaps may exist among the manually designed fea-

tures, which is likely to limit the model’s performance. For instance, Buse et
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al. [17] designed a total of 25 features to represent code readability. However,

Posnett et al. [89] showed that a much simpler model with only three features

can outperform Buse et al.’s Model. On the other hand, the feature selection

method has been used by several previous studies [41, 99] to identify a subset

of key features, which also indicates that not all manually designed features are

relevant and have an impact on code readability.

Although programs usually contain statistical properties, they are difficult for humans

to capture [53, 88]. To address this issue, we turn to Convolutional Neural Networks (Con-

vNets). The reasons behind using ConvNets are as follows: 1) ConvNets include the feature

extractor in the training process rather than requiring it to be manually designed [57]. 2)

ConvNets achieve remarkable results for tasks that deal with inputs in the form of multiple

arrays (e.g., image recognition). Inspired by this, we treat a source code as a matrix (a

two-dimensional array) of symbols. We expect that ConvNets can automatically form a

deep understanding of what constitutes a readable code.

1.3 Contributions of the Thesis

The main contributions of this thesis are as follows:

• Based on the Self-Determination Theory and User-Centered Design, we propose a

gamification system for code readability survey (GamiCRS), in which a novel incen-

tive mechanism is presented to help foster real engagement.

• We implement GamiCRS as a web-based application to explore its possibilities and

limits. As compared to prior work, we contribute a more detailed implementation

process in a systematic manner.
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• We carefully plan a between-subjects design to quantitatively reflect to what extent

GamiCRS impacts participants’ performance in terms of productivity and quality.

• Based on the Technology Acceptance Model (TAM), a questionnaire approach is

utilized to investigate participants’ impressions and attitudes toward GamiCRS. We

are the first to employ TAM in the field of gamified surveys.

• The proposed gamification system has been proven to be effective for enhancing code

readability survey regarding user experience and data quality, which is supported by

a sound theoretical and experimental evidence. We believe that our study can serve

as a significant reference for future development of gamification applications in the

context of software engineering research.

• A simple and customizable representation strategy (with three different granularities)

is introduced to convert source codes into integer matrices as the input to ConvNets.

The method enables deep learning-based program analyses, which can be easily ap-

plied to other software engineering activities.

• DeepCRM, a deep learning-based framework that integrates three separate ConvNets

(corresponding to the three granularities), is proposed for code readability classifica-

tion. Our approach eliminates the need for manual feature engineering and can learn

various levels of features automatically from the source code.

• A new dataset, which contains more than 25,000 code snippets retrieved from open

source Java projects, is released to support future code readability studies.2

• We compare the performance of DeepCRM with five state-of-the-art code readability

models, namely, those of Buse et al. [17], Posnett et al. [89], Dorn et al. [42],

2https://github.com/CityU-QingMi/DeepCRM

https://github.com/CityU-QingMi/DeepCRM
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Scalabrino et al. [99], and A Comprehensive Model [99]. The experimental results

show that DeepCRM outperforms the best competitor, reaching 83.8% accuracy and

83.5% f-measure. Although deep learning has achieved remarkable success in other

areas, to the best of our knowledge, we are the first to observe its effectiveness in

code readability classification.

1.4 Organization of the Thesis

The rest of this thesis is organized as follows.

In Chapter 2, we first review related work on code readability research, including fac-

tors influencing code readability and previously reported code readability models. Then

we briefly describe deep learning and gamification applications in the context of software

engineering.

Based on the Self-Determination Theory and User-Centered Design, we introduce a

new interactive method in Chapter 3 and implement it as GamiCRS, an online gamification

system for code readability survey. We assume that the incorporation of gamification tech-

niques and infrastructure can produce psychological (e.g., satisfaction and fun) and behav-

ioral (e.g., participation and performance) benefits for survey participants. To scientifically

test this hypothesis, a field experiment is conducted in a real-life environment to compare

GamiCRS with its non-gamified counterpart. The empirical results validate the positive

effects of GamiCRS on the performance of survey participants (with more numerous and

higher quality readability ratings).

Chapter 4 describes DeepCRM in detail. Unlike previous studies (based on traditional

machine learning), we introduce a completely new method for code readability classifica-

tion using deep learning techniques. Our approach has the advantage of requiring no feature
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engineering (one of the most time-consuming parts of traditional machine learning). We

evaluate our approach against five state-of-the-art code readability models. The experi-

mental results show that DeepCRM can outperform traditional models. The improvement

in accuracy ranges from 2.4% to 17.2%, which suggests the promising future of applying

deep learning techniques to the field of code readability classification.

We conclude the thesis in Chapter 5, which includes the results that have been drawn

from the research, main contributions, and suggestions for future work.



Chapter 2

Literature Review

Code readability is one of the most important software quality attributes. When a developer

initially writes the code, his/her knowledge of the code is very detailed. However, a year

later no one is going to know the code that well again. The developer has to understand how

the code works by reading it. If the code is poorly written, it will be difficult to understand,

longer to debug, hard to maintain, and tricky to extend. It is therefore desirable to have

readable code. However, there has been a little previous work on this special area.

In this chapter, we first describe related work on code readability research. Then we

discuss deep learning and gamification applications in the context of software engineering.

2.1 Code Readability Research

As shown in Table 2.1, a wide variety of readability metrics for natural languages are avail-

able in the literature (e.g., the Flesch-Kincaid Grade Level [45] and the SMOG Grading

[72]), yet only a few studies have considered the counterpart targeted in the context of

program source code.

11
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Table 2.1: Readability Metrics for Natural Languages
Metric Descriptiona

ARI Automated Readability Index = 0.5× W
St +4.71× C

W −21.43

SMOG SimpleMeasureo f Gobbledygook = 1.043×
√

W3Sy× 30
St +3.1291

Flesch FleschReadingEase = 206.835−1.015× W
St −84.6× Sy

W

GunningFog GunningFrequencyo f Gobbledygook = 0.4×
(

W
St +

100×W3Sy
W

)
FleschKincaid FleschKincaid GradeLevel = 0.39× W

St +11.8× Sy
W −15.59

FORCAST FORCAST = 20− W1Sy× 150
W

10
ColemanLiau ColemanLiau = 5.88× C

W −29.6× W
St −15.8

aSt stands for the number of sentences, W for the number of words, C for the number of characters, Sy for the
number of syllables, W1Sy for the number of words with exactly one syllable, W3Sy for the number of words with
at least three syllables.

Specifically, prior work related to code readability can be broadly divided into two

categories:

• Investigation of factors that can affect code readability.

• Derivation of general models to represent code readability.

We describe the two directions in detail below.

2.1.1 Factors Influencing Code Readability

Many earlier studies focused on exploration of the influential factors of code readability,

such as those shown in Figure 2.1. In this section, we briefly discuss these factors.

Binkley et al. [10, 11, 12] conducted an empirical study with 135 subjects (consisting of

programmers and non-programmers) to analyze the effects of identifier naming conventions

(i.e., camelCase and under_score) on code readability. The underlying hypothesis is that

identifier style affects the speed and accuracy of program comprehension. To investigate

the hypothesis, Binkley et al. recorded the time and visual effort subjects needed to detect

a particular identifier (from four choices). The results indicated that camelCase was easier
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Figure 2.1: Factors Influencing Code Readability

to read than under_score variables,1 especially for beginning programmers, whereas expert

programmers appeared to not be impacted greatly by identifier style.

Sasaki et al. [97] proposed a reordering technique to improve code readability by short-

ening the distance between the definition of a variable and its reference. Specifically, two

reordering strategies are applied: 1) moving statements into inner blocks to narrow down

variable scope; 2) moving statements close to each other within the same block. An ex-

periment with 44 subjects confirmed that the reordered methods had better readability than

their originals.

Using five open source projects, Lee et al. [66] tested whether significant violations of

coding conventions affected the readability of developed codes. Specifically, they counted

the total number of rule violations in each file and tested the difference between the two

sample groups of more/less readable codes using Wilcoxon’s Rank-Sum test. The results

showed that the less readable group had more rule violations and the difference was statis-

tically significant at a 95% confidence level.

1However, an eye-tracking replication of Binkley et al.’s study indicated otherwise [101].
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Tashtoush et al. [108] developed a novel approach to examine the level of impact the 25

proposed code features have on readability. A survey was distributed to a random number

of expert programmers to weight each feature based on their knowledge or experience.

The results showed that most of proposed features have positive impact on code readability

including: meaningful names, consistency, and comments, whereas fewer features such

as arithmetic formulas, nested loops, and recursive functions showed to have a negative

impact.

Wang et al. [110] proposed an automatic blank line insertion algorithm to separate

meaningful blocks, primarily because vertical spacing is believed to help code readabil-

ity. In particular, they leverage both program structure and naming information to identify

logically related code segments. The results from two human studies indicated that the

automatically generated blank lines are accurate, which can match the majority of human

opinions of where vertical spacing should be used.

As discussed above, considerable research efforts have been devoted to identifying the

influential factors of code readability. However, there is little sound and solid evidence

of how and to what extent can these factors impact the readability of the source code. To

bridge the research gap, we propose an empirical experiment in which eye tracking technol-

ogy is introduced to quantitatively reflect subjects’ cognitive efforts and mental processes

[74]. We use stylistic inconsistency (one of the factors influencing code readability) as an

example. The details are shown in Appendix B.

2.1.2 Code Readability Models

Alternatively, a few studies attempted to model code readability using combinations of

surface-level features.
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Aggarwal et al. [1] proposed a new factor CR (Comments Ratio) to estimate the read-

ability of source code in a study of software maintainability: CR= LOC/LOM, where LOC

refers to total lines of code and LOM refers to total lines of comments. The lower the ratio,

the better is readability.

In our previous work regarding stylistic fingerprinting [75], we proposed a set of metrics

to represent code readability. We denote these metrics as PRM (Programming Readability

Metrics). Making use of PRM, together with PFM (Programming Format Metrics) and

PLM (Programming Language Metrics), we implemented a fingerprinting methodology to

characterize the programming style of an individual or a single document.2

Analogous to the Flesch Reading Ease Score (a widely used readability metric for En-

glish text) [45], Börstler et al. [14] proposed SRES (Software Readability Ease Score) to

judge code readability according to the average length of lexemes (identifiers, keywords,

and symbols) and the average number of words per statement/block (delimited by curly

brackets and semicolons). The experimental results showed that SRES is less sensitive to

commenting and whitespace compared with other readability measures.

Buse et al. [20, 17] used data collected from 120 human annotators to construct the

first model of code readability based on a set of local code features, as shown in Table 2.2.

Moreover, they found that the readability metric correlated strongly with three measures

of software quality: code changes, automated defect reports, and defect log messages.3

Buse et al.’s work was a major contribution to this area because it opened up the possibility

of automated readability metrics and provided an excellent platform for conducting future

readability experiments.

2The stylistic metrics adopted in our previous work [75] are provided in Appendix C.
3To test the hypothesis that readability correlates with external conventional metrics of software quality,

Buse et al. used McCabe’s Cyclomatic measure (an indicative example of an automated model of code
complexity) and FindBugs (a popular static bug-finding tool).
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Table 2.2: Features Used by Buse et al.’s Model
Feature Avg. Max.

line length (# characters) + +
# identifiers + +

identifier length + +
indentation (preceding whitespace) + +

# keywords + +
# numbers + +

# comments +
# periods +
# commas +
# spaces +

# parenthesis +
# arithmetic operators +

# comparison operators +
# assignments (=) +

# branches (if) +
# loops (for, while) +

# blank lines +
# occurrences of any single character +
# occurrences of any single identifier +

Using the same dataset from [17], Posnett et al. [89] presented a simple, intuitive theory

of code readability that relied on two main measures: size and code entropy (see equation

below). They showed that the simple model outperformed Buse et al.’s model across all

performance measures (e.g., F-Measure and ROC).

z = 8.87−0.033V +0.40Lines−1.5Entropy (2.1)

In order to build a model of code readability that is more likely to generalize than

previous work, Dorn et al. [42] performed a large-scale human study involving over 5000

participants and proposed additional structural pattern features, visual perception features,
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alignment features, and natural language features. They showed that the automatic metric

agrees with human judgments as well as they agree with each other and better than previous

work.

In a recent study, Scalabrino et al. [99] further introduced a set of textual features that

were based on source code lexicon analysis.4 The results indicated that the proposed fea-

tures complemented classic structural features when predicting code readability judgments.

As discussed above, existing studies still focus on handcrafting features from different

aspects that intuitively seem to correlate with code readability, and then exploring various

machine learning algorithms based on the newly proposed features. The manual feature

engineering process is neither effective nor efficient. In order to eliminate the need for

manual feature engineering and increase the accuracy of code readability classification, we

introduce a deep learning-based approach that can learn complicated features automatically

from the source code.

2.2 Gamification in Software Engineering

Over the past decade, the relation between gamification and software engineering (SE) is

on the rise.

Given that many activities in SE are typically challenging and seldom amusing, gami-

fication has been widely applied as a compelling incentive for supporting all phases of SE

lifecycle.

Snijders et al. [104] introduced REfine, a gamified online platform for eliciting and

refining requirements by involving a crowd of stakeholders: users, developers, analysts,

4Seven textual features of source code are proposed in [99] to help characterize readability: Comments
and Identifiers Consistency, Identifier Terms in Dictionary, Narrow Meaning Identifier, Textual Coherence,
Comments Readability, and Number of Meanings.



CHAPTER 2. LITERATURE REVIEW 18

etc. A case study showed the potential of REfine for improving requirements engineering

in software production.

Singer et al. [102] gamified version control system using mechanisms of social soft-

ware to encourage more frequent commits. After 37 students used the application in a

semester-long cooperative development project, they found a balance of positive and nega-

tive comments.

Minelli et al. [78] presented the initial design and implementation of a micro-

gamification layer on top of an object-oriented IDE to reflect the deeds of the developers,

which aimed to praise them in case the development session was productive.

Meanwhile, a large number of gamification research have appeared in the domain of

SE education.

Xie et al. [116] illustrated Pex4Fun, an interactive gaming-based teaching and learning

platform for .NET programming languages. Their illustration of Pex4Fun focused on the

gaming, social dynamics, educational usage, and software engineering technologies, being

four common aspects of a typical project on educational software engineering.

Roungas et al. [93] presented a conceptual model of educational games, which defined

the structure of the game design document and provided a common ground that could min-

imize misunderstandings among heterogeneous stakeholders. The preliminary evaluation,

which involved interviews with serious games experts, has shown a positive attitude to-

wards the potential benefit of a web, model-driven environment to mitigate the problems of

GDD-based game design.

Arawjo et al. [4] developed Reduct, an educational game embodying a comprehension-

first approach to teaching programming with gamified semantics. A lab study demonstrated

that novices can learn core concepts expressed in actual JavaScript in a short timeframe by

playing Reduct.
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However, there is limited literature available regarding gamification for SE surveys.

Worth to mention is the work of Biegel et al. [9], which implemented a gamification ap-

proach as a Facebook plugin to make code tagging more fun. A pilot user study suggested

that the game mechanics were motivating and promoted the proposition of reasonable tags.

To the best of our knowledge, gamification has not been included in the field of code read-

ability survey. Referring to the success of previous studies, we exemplify how gamification

mechanisms can be leveraged to improve the survey procedure subject to the context of

code readability research.

2.3 Deep Learning in Software Engineering

Deep learning has been proven to be a very powerful method in a variety of fields such as

image recognition [60, 107] and natural language processing [25, 77]. It has also attracted

considerable attention from researchers and industrial practitioners in the software engi-

neering community. Successful applications include effort estimation [23], defect predic-

tion [109], bug localization [63], code clone detection [113, 112], and API recommendation

[49].

Dam et al. [29] presented a vision for DeepSoft, a generic framework built upon Long

Short-Term Memory for modeling software and its development process to predict future

risks and recommend interventions. The deep learned patterns of software could be used

to address a range of challenging problems such as code and task recommendation and

prediction.

Wang et al. [109] leveraged Deep Belief Networks to automatically learn semantic fea-

tures of programs to improve defect prediction. The evaluation on ten open source projects

showed that the automatically learned semantic features can significantly improve both
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within-project (WPDP) and cross-project defect prediction (CPDP) compared to traditional

features. For WPDP, the semantic features achieved an average improvement of precision

by 14.7%, recall by 11.5%, and F1 by 14.2%. For CPDP, the semantic feature based ap-

proach outperformed the state-of-the-art technique TCA+ built on traditional features by

8.9% in F1.

Choetkiertikul et al. [23] developed a prediction system for estimation of story points

based on a novel combination of Long Short-Term Memory and Recurrent Highway Net-

work. An empirical evaluation showed that the proposed approach consistently outper-

formed three common baselines and two alternatives in both Mean Absolute Error and the

Standardized Accuracy.

Gu et al. [49] proposed DeepAPI, a deep learning-based method to generate relevant

API usage sequences for a given natural language query. The empirical study showed that

the proposed approach generated largely accurate API sequences and outperformed the

related approaches.

White et al. [113, 112] introduced learning-based detection techniques to represent

code fragments for code clone detection using Recurrent Neural Networks and Recursive

Neural Networks.

Lam et al. [63] constructed HyLoc, a model that combines the revised Vector Space

Model (an advanced IR technique) with Deep Neural Networks to recommend potentially

buggy files for a bug report. The empirical evaluation on several real-world projects showed

that DNN and IR complement well to each other to achieve higher bug localization accuracy

than individual models.
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To the best of our knowledge, deep learning has never been used to improve code read-

ability studies. Inspired by the aforementioned work, we explore the possibility and feasi-

bility of applying Convolutional Neural Networks to the field of code readability classifi-

cation.



Chapter 3

GamiCRS: A Gamification System for

Code Readability Survey

Code readability survey plays a critical role in abstracting people’s perceptions of whether a

source code is readable. However, its methodology has long been criticized for the dullness

and pointlessness, inevitably leading to negative behaviors that can be attributed to the

lack of motivation of survey participants. To address this problem, we incorporate game-

based mechanics into the context of code readability research, which is to make participants

feel positive when engaging in the survey process, with the underlying goal of improving

the quality of survey results. Based on the Self-Determination Theory and User-Centered

Design, we propose a novel gamification system (GamiCRS), in which a complete incentive

mechanism is constructed with the combination of both intrinsic and extrinsic motivators.

To ensure its efficacy, we carefully plan a field experiment to compare GamiCRS with

its non-gamified counterpart. The empirical results validate the positive effects of Gami-

CRS on the performance of survey participants (with more numerous and higher quality

readability ratings). As many activities in software engineering are typically challenging

22
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and seldom amusing, gamification can be applied as a compelling incentive supporting a

wide variety of possible applications in order to bring the same attitudinal and behavioral

changes.

The rest of this chapter is organized as follows. Section 3.1 presents the related work

and the theoretical foundations. Section 3.2 proposes a gamification system for code read-

ability survey and Section 3.3 implements it. In Section 3.4, we perform a field experiment

to explore how effective the gamification system is. A discussion is provided in Section

3.5.

3.1 Preliminaries

We begin with a brief introduction of several theories specifically in human motivation

drawn from the domain of psychology, which serve as the theoretical foundations support-

ing the overall design of our gamification system.

3.1.1 Intrinsic and Extrinsic Motivation

Motivation is the process that initiates and energizes goal-oriented behaviors, which is the

core element driving individuals to accomplish a certain task [56]. Motivation varies not

only in amount (i.e., how much motivation), but also in nature (i.e., what type of motivation)

[94], which can be divided into two categories:

• Intrinsic Motivation: the doing of an activity for its inherent satisfactions (e.g.,

altruism, competition, cooperation, sense of belonging, love, and aggression [80]),

which occurs when an individual enjoys the activity or regards it as an opportunity

to explore, learn, or actualize the potentials [26].
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• Extrinsic Motivation: the doing of an activity for some separable consequences

(e.g., financial incentives, classifications, levels, points, badges, awards, and missions

[80]), which can be used to inspire an individual’s interest to pursue a behavior.

Research has shown that people’s performance varies according to whether his/her mo-

tivation stems from intrinsic or extrinsic. Generally, intrinsic motivation offers intense,

long-term engagement and results in high-quality behaviors, whereas extrinsic motivation

is relatively less effective yet indispensable in the scenario that the activity is in itself nei-

ther engaging nor rewarding to the individual, some external rewards are thus introduced

as a great way to foster participation, with an underlying goal of developing people’s real

interest in the course of being involved in a certain activity [26].

3.1.2 Self-Determination Theory

Self-Determination Theory (SDT), proposed by Ryan and Deci [95], is the most well-

known theory to identify factors that facilitate or undermine people’s self-motivation and

personality integration. The hypothesis is that individuals have three basic psychological

needs that when fulfilled facilitate intrinsically motivated behaviors:

• Competence: a need for challenge or feelings of effectance (e.g., opportunities to

acquire new knowledge and skills, to receive positive feedback, or to be optimally

challenged).

• Relatedness: a need to enrich relationships with others.

• Autonomy: a need to feel a sense of volition or willingness when doing a task.

These needs are universal, irrespective of age, gender, and culture. According to SDT,

human beings can be proactive, creative, and engaged when activities are performed out of

their intrinsic motivations, such as curiosity, interest, personal value, and so forth [94].
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3.1.3 User-Centered Design and Meaningful Gamification

Gamification is a cost-effective approach for promoting participation and behavioral

changes, as users endeavor to reach predetermined goals for external rewards [118].

Nonetheless, almost all forms of extrinsic rewards reduce the intrinsic motivation that users

have for the activity [33]. Noticing the long-term negative impact, Nicholson et al. [84]

proposed the concept of meaningful gamification by integrating disparate theories (e.g.,

user-centered design [85], organismic integration theory [34], and situated motivational af-

fordance [36]), indicating that users’ needs and desires should be put at the center of any

gamification project. In other words, if the gamified system can be made meaningful to

individuals (e.g., relevant to their backgrounds, interests, or goals), the intrinsic motivation

will be improved as there is less dependence upon external rewards.

According to Nicholson et al. [84], meaningful gamification should focus on users’

long-term benefits and should result in positive change in users’ behavior and mindset. It is

suggested that, during the gamification process, every decision should be made for a central

concern: “How does this benefit the user?”.

3.1.4 Gamification Design and Process

Gamification is defined as the application of typical game design elements (GDEs) into

non-game contexts [37]. Accordingly, all gamified systems share three essential elements:

users, a non-game task, and a set of GDEs that motivate users to perform the task. Intercon-

necting these elements, Wilson et al. [114] proposed a relationship-based model to guide

the gamification design, which is shown in Figure 3.1a. They claimed that a successful

gamification relies on the relationships between the elements:
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• Motivation (User-GDE Relationship): motivation is afforded when GDEs satisfy

users’ basic psychological needs of competence, relatedness, and autonomy.

• Meaning (GDE-Task Relationship): as tasks are not created equal, the most appro-

priate GDEs are those that align with the nature of the task.

• Valuation (User-Task Relationship): the more value the users put on the task, the

more effective the gamification will be.

(a) A relationship-based model for gami-
fication design [114].

(b) A four-step process for effective gam-
ification [2].

Figure 3.1: Gamification design and process.

Consistent with Wilson et al.’s model, Aparicio et al. [2] proposed a four-step process

for developing the effective gamification on the basis of Self-Determination Theory, which

is demonstrated in Figure 3.1b. The rest of this research, i.e., the design (Section 3.2),

the implementation (Section 3.3), and the evaluation (Section 3.4) of GamiCRS, follows

Aparicio et al.’s four-step gamification process.
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3.2 Proposed Approach

In this section, we present the design process of GamiCRS based on the psychological the-

ories as introduced in Section 3.1. Note that what we are trying to do is not just rewarding

individuals for their contributions with game points, such a simple scoring mechanism (also

known as pointsification, the details are discussed in Section 3.5.1) is destined to failure

[78]. Rather, we intend to propose a systemic incentive mechanism with the combination

of both intrinsic and extrinsic motivators that is able to foster real engagement.

3.2.1 Identify the Main Objective

Survey is important in abstracting human perceptions in code readability research. How-

ever, the process is generally considered as laborious and tedious. To address this issue,

the main objective in Aparicio et al.’s framework (i.e., the non-game task in Wilson et al.’s

model) that we intend to gamify is brought forth: “Can we make the code readability survey

a much more engaging and rewarding process?”.

3.2.2 Identify the Transversal Objective

As the second step, we identify the transversal objective and present the reasons behind the

use of gamification mechanisms.

Given that the traditional code readability survey (CRS) is not inherently enjoyable,

some extrinsic stimuli (e.g., financial rewards) are often introduced to facilitate participa-

tion. For instance, Buse et al. [17] rewarded all survey respondents with $5 USD (and

additional $5 USD for early starters), whereas no monetary incentives were reported in

Scalabrino et al.’s study [99], yet only 9 out of 30 invited students completed the assess-

ment.
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Unlike previous studies, we intend to activate survey participants with the help of var-

ious game-based mechanics and aesthetics. Specifically, Table 3.1 enumerates a range of

problems with CRS, and how gamification can fix them (i.e., the transversal objective in

Aparicio et al.’s framework).

Table 3.1: Problems with code readability survey (CRS) and how gamification can fix them
(i.e., identify the transversal objective).

Problem with CRS How Gamification Can Fix the Problem
CRS is unrewarding. Games can help users feel more rewarded through continuous

and prompt feedback for achieving given tasks, which is of
great importance to keeping users on course.

CRS is pointless. Games can provide users with clearer missions (i.e., long- and
short-term goals), which helps users focus attention.

CRS is isolating. Games can help users band together through collaboration and
friendly competition.

3.2.3 Incentive Mechanism

To foster voluntary participation and active engagement, we propose a complete incentive

mechanism based on the Self-Determination Theory and User-Centered Design.

3.2.3.1 Applying GDEs as Extrinsic Motivation

Game design elements (GDEs) act as the toolkit for gamification consisting of bits and

pieces we work with to build a game [96], which can be used as a great way to motivate

certain behaviors. According to Aparicio et al.’s framework, our next step is to select

GDEs that simultaneously match the objectives and support the basic psychological needs

of users.

The best gamifications are not the ones that incorporate all of the elements, but those

choose the elements most properly [96]. Corresponding to the transversal objective identi-

fied in Table 3.1, we adopt the classic PBL triad (Points, Badges, and Leaderboards) [111]
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in GamiCRS to reward users through different dimensions. The primary reasons are as fol-

lows: 1) PBL is applied in most gamification projects as they are simple (most users have

no difficulty in understanding their rules and regulations) yet significantly effective. 2) Al-

though a highly interactive, game-like application often produces a better user experience,

it requires a lot more time and effort to implement [52]. PBL is employed as a reasonable

compromise.

• Points: a way of providing quick feedback in GamiCRS. As rewarding users with

points for their actions may help to change, or boost certain attitudes and behav-

iors, we equate the core activities in code readability survey with points, which can

hopefully motivate users to contribute more.

• Badges: a visual representation of achievements in GamiCRS. We reward users with

badges for reaching specified thresholds, accomplishing particular tasks, and so forth.

Badges can offer guidance as to what is possible within the system, and most impor-

tantly, to provide long- and short-term goals for users to strive toward [111], which

have been confirmed to have positive effects on motivation and engagement [35, 52].

• Leaderboards: a scoreboard displaying the ranking of the leading users in Gami-

CRS. The presence of a leaderboard can bring users’ achievements forward, which

is a powerful motivator to trigger friendly competition [71].

Note that the introduction of GDEs aims to fulfill users’ basic psychological needs

according to SDT, but this motivation is directed toward GDEs rather than the task itself.

In other words, the intrinsically motivating GDEs are essentially extrinsic motivators with

regard to the non-game task [114].
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3.2.3.2 Applying Crowdsourcing as Intrinsic Motivation

Extrinsic motivation can absolutely strengthen engagement, yet it should not be overused,

for the reason that excessive external rewards might deteriorate individuals spontaneous

interest for the activity [26]. In many cases, intrinsic motivation should be encouraged.

Code readability is one of the important software quality attributes that novice program-

mers need to learn in their programming classes, unfortunately most of the students do not

have the necessary work experience or background to appreciate the importance of code

readability. While we always strive to activate users’ intrinsic motivation, we facilitate this

by incorporating a crowdsourcing approach into GamiCRS. That is, users of GamiCRS (es-

pecially students and novice programmers) are able to receive judgments from experienced

colleagues or trusted peers on whether their source code is readable.

As is shown in Table 3.2, Doan et al. [40] identified four basic roles of human users

in a crowdsourcing system. Note that throughout the course of a typical survey, users

often play a single role (i.e., Perspective Providers), whereas we propose a novel dual role

setting in GamiCRS (Figure 3.2). Specifically, not only can users evaluate readability level

of prepared code snippets as Perspective Providers, they are also granted the capabilities of

uploading their own code snippets as Content Providers and then receiving a crowdsourcing

feedback from a multitude of human experts, which makes GamiCRS novel in this regard.

Table 3.2: Four basic roles of users in a crowdsourcing system [40].
Role Description

Slaves Humans help solve the problem in a divide-and-conquer
fashion, to minimize the resources of the owners.

Perspective Providers Humans contribute different perspectives, which when
combined often produce a better solution.

Content Providers Humans contribute self-generated content.
Component Providers Humans serve as components in the target artifact, such as a

social network.
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Although the dual role setting limits the possible application scope of GamiCRS, it

allows the activation of individuals’ intrinsic motivation. For researchers, it is a great way

to enrich and evolve the code snippet repository, while for users, it is an opportunity to

acquire a crowdsourcing judgment, which serves as the integration point of researchers’

objectives and users’ needs.

Figure 3.2: A novel dual role setting in GamiCRS.

3.3 An Implementation of GamiCRS

In this section, we implement GamiCRS as a web-based gamification system. We begin

by providing a general overview of GamiCRS. After briefly introducing the development

framework, we describe the preparation of the code snippet repository subject to evaluation.

Finally, we present the rules and regulations specific to the PBL triad (Points, Badges, and

Leaderboards).

3.3.1 General Overview

Corresponding to users’ dual role setting (Figure 3.2), GamiCRS consists of two main

functions: rating code readability and uploading code snippets.
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3.3.1.1 Rating Code Readability

Immediately after logging in, users are brought to the main page that provides background

information and necessary guidance as to what is possible within the system. Users can

then navigate to other parts of GamiCRS, or they can begin to rate the readability degree

of a certain code snippet. Figure 3.3 serves as a cohesive picture of the readability rating

page, which is composed of four major modules:

• User Profile (the top left portion of Figure 3.3): the basic information of a user, for

instance, the current points, the acquired badges, and the relative positioning among

his/her peers.

• Points Leaderboard (the bottom left portion of Figure 3.3): a vertical structure

displaying the ranking and the current points of the top 10 leading users.

• Code Snippet (the top right portion of Figure 3.3): a piece of source code (rendered

with syntax highlighting) subject to evaluation.

• Subjective Evaluation (the bottom right portion of Figure 3.3): a five-point Likert

scale [67] which measures users’ perceptions on how easily the code snippet can be

read and understood. In addition, users are allowed to provide feedback in the form

of comments (optional).

3.3.1.2 Uploading Code Snippet

To foster intrinsic motivation and sustain engagement in the long run, GamiCRS supports

and encourages users to upload their own code snippets. As shown in Figure 3.4, after

submitting a piece of source code, users may well receive a crowdsourcing feedback on its

readability level.



CHAPTER 3. GAMICRS 33

Q
in

g
 M

i
P

o
in

ts
  
  
 R

a
ti
n
g
s
  
  
 U

p
lo

a
d
s

R
a

n
k
in

g

B
a

d
g

e
s

5
0
th

4
7
3
0

4
0
1
0

3
6
1
0

3
2
1
0

3
1
2
0

3
1
1

0

2
9
6
0

2
6
1
0

2
6
1
0

2
6
1
0

4 5 6 7 8 9 1
0

1
 (

V
e
ry

 U
n
re

a
d
e
a
b
le

)

2
 (

U
n
re

a
d
e
a
b
le

)

3
 (

N
e
u
tr

a
l)

4
 (

R
e
a
d
e
a
b
le

)

5
 (

V
e
ry

 R
e
a
d
e
a
b
le

)

P
le

a
s
e

 r
a

te
 t

h
e

 r
e

a
d

a
b

ili
ty

 d
e

g
re

e
 o

f 
th

e
 a

b
o

v
e

 c
o

d
e

 s
n

ip
p

e
t.

 *

W
h

ic
h

 f
a

c
to

rs
 d

o
 y

o
u

 t
h

in
k
 n

e
g

a
ti
v
e

ly
 a

ff
e

c
t 

th
e

 r
e

a
d

a
b

ili
ty

 o
f 

th
e

 a
b

o
v
e

 c
o

d
e

 s
n

ip
p

e
t.

 *

C
o
d
e
 F

o
rm

a
tt
in

g
 (

e
.g

.,
 s

p
a
c
in

g
, 
in

d
e
n
ta

ti
o
n
, 
g
ro

u
p
in

g
, 
lin

e
 l
e
n
g
th

)

N
a
m

in
g
 o

f 
Id

e
n
ti
fi
e
rs

 (
e
.g

.,
 n

a
m

e
s
 f
o
r 

c
la

s
s
e
s
, 
m

e
th

o
d
s
, 
v
a
ri
a
b
le

s
)

C
o
d
e
 C

o
m

m
e
n
ts

 (
e
.g

.,
 l
a
c
k
 o

f 
n
e
c
e
s
s
a
ry

 c
o
d
e
 c

o
m

m
e
n
ts

, 
re

d
u
n
d
a
n
t,
 a

m
b
ig

u
o
u
s
, 
e
v
e
n
 i
n
a
c
c
u
ra

te
 c

o
d
e
 c

o
m

m
e
n
ts

)

C
o
d
e
 L

o
g
ic

 (
e
.g

.,
 c

h
o
ic

e
 o

f 
a
lg

o
ri
th

m
s
 a

n
d
 d

a
ta

 s
tr

u
c
tu

re
s
, 
re

d
u
n
d
a
n
t 
c
o
d
e
, 
d
e
e
p
 n

e
s
ti
n
g
)

S
ty

lis
ti
c
 C

o
n
s
is

te
n
c
y
 (

e
.g

.,
 u

n
if
ie

d
 n

a
m

in
g
 a

n
d
 f
o
rm

a
tt
in

g
 s

ty
le

)

A
n
y
 c

o
m

m
e
n
t?

A
n
o
n
y
m

o
u
s
?

B
a
c
k

S
u
b
m

it
S

k
ip

#
2
1 
1 

B
u
b

b
le

S
o

rt
.j
a

v
a

 
1

 
2

 
3

 
4

 
5

 
6

 
7

 
8

 
9

1
0

1
1

2
1
8

0
  

  
2

  
  

  
  

1

14
 o

n
 t

h
e

 g
lo

b
a
l 

le
a

d
e
rb

o
a
rd

!

G
a
m

iC
R

S
R

a
te

B
a
d

g
e
s

L
e
a
d

e
rb

o
a
rd

s
F
A

Q
U

p
lo

a
d

U
s
e
r 

P
ro

fi
le

T
o

ta
l 
P

o
in

ts

Q
in

g
 M

i
S

ig
n
 o

u
t

Q
in

g
 M

i
P

o
in

ts
  
  
 R

a
ti
n
g
s
  
  
 U

p
lo

a
d
s

R
a

n
k
in

g

B
a

d
g

e
s

5
0
th

2
1
8

0
  

  
2

  
  

  
  

1

14
 o

n
 t

h
e

 g
lo

b
a
l 

le
a

d
e
rb

o
a
rd

!

U
s
e
r 

P
ro

fi
le

4
7
3
0

4
0
1
0

3
6
1
0

3
2
1
0

3
1
2
0

3
1
1

0

2
9
6
0

2
6
1
0

2
6
1
0

2
6
1
0

4 5 6 7 8 9 1
0

T
o

ta
l 
P

o
in

ts

#
2
1
1 

B
u
b

b
le

S
o

rt
.j
a

v
a

 
1

 
2

 
3

 
4

 
5

 
6

 
7

 
8

 
9

1
0

1
1

P
o

in
ts

 L
e

a
d

e
rb

o
a

rd
S

u
b

je
c

ti
v

e
 E

v
a

lu
a

ti
o

n

U
se

r 
P

ro
fi

le
C

o
d

e
 S

n
ip

p
e

t

1
 (

V
e
ry

 U
n
re

a
d
e
a
b
le

)

2
 (

U
n
re

a
d
e
a
b
le

)

3
 (

N
e
u
tr

a
l)

4
 (

R
e
a
d
e
a
b
le

)

5
 (

V
e
ry

 R
e
a
d
e
a
b
le

)

P
le

a
s
e

 r
a

te
 t

h
e

 r
e

a
d

a
b

ili
ty

 d
e

g
re

e
 o

f 
th

e
 a

b
o

v
e

 c
o

d
e

 s
n

ip
p

e
t.

 *

W
h

ic
h

 f
a

c
to

rs
 d

o
 y

o
u

 t
h

in
k
 n

e
g

a
ti
v
e

ly
 a

ff
e

c
t 

th
e

 r
e

a
d

a
b

ili
ty

 o
f 

th
e

 a
b

o
v
e

 c
o

d
e

 s
n

ip
p

e
t.

 *

C
o
d
e
 F

o
rm

a
tt
in

g
 (

e
.g

.,
 s

p
a
c
in

g
, 
in

d
e
n
ta

ti
o
n
, 
g
ro

u
p
in

g
, 
lin

e
 l
e
n
g
th

)

N
a
m

in
g
 o

f 
Id

e
n
ti
fi
e
rs

 (
e
.g

.,
 n

a
m

e
s
 f
o
r 

c
la

s
s
e
s
, 
m

e
th

o
d
s
, 
v
a
ri
a
b
le

s
)

C
o
d
e
 C

o
m

m
e
n
ts

 (
e
.g

.,
 l
a
c
k
 o

f 
n
e
c
e
s
s
a
ry

 c
o
d
e
 c

o
m

m
e
n
ts

, 
re

d
u
n
d
a
n
t,
 a

m
b
ig

u
o
u
s
, 
e
v
e
n
 i
n
a
c
c
u
ra

te
 c

o
d
e
 c

o
m

m
e
n
ts

)

C
o
d
e
 L

o
g
ic

 (
e
.g

.,
 c

h
o
ic

e
 o

f 
a
lg

o
ri
th

m
s
 a

n
d
 d

a
ta

 s
tr

u
c
tu

re
s
, 
re

d
u
n
d
a
n
t 
c
o
d
e
, 
d
e
e
p
 n

e
s
ti
n
g
)

S
ty

lis
ti
c
 C

o
n
s
is

te
n
c
y
 (

e
.g

.,
 u

n
if
ie

d
 n

a
m

in
g
 a

n
d
 f
o
rm

a
tt
in

g
 s

ty
le

)

A
n
y
 c

o
m

m
e
n
t?

A
n
o
n
y
m

o
u
s
?

B
a
c
k

S
u
b
m

it
S

k
ip

P
re

p
a

re
d

C
o

d
e

 S
n

ip
p

e
ts

U
se

r-
U

p
lo

a
d

e
d

C
o

d
e

 S
n

ip
p

e
ts

D
B

u
se

D
D

o
rn

D
S

c
a

la
b

ri
n

o

D
U

se
r

C
o

d
e

 S
n

ip
p

e
t

R
e

p
o

si
to

ry

S
e

le
c

ti
o

n
 S

tr
a

te
g

y
 

fo
r 

N
e

xt
 C

o
d

e
 S

n
ip

p
e

t

Fi
gu

re
3.

3:
R

ea
da

bi
lit

y
ra

tin
g

pa
ge

in
G

am
iC

R
S

di
sp

la
yi

ng
th

e
us

er
pr

ofi
le

,t
he

po
in

ts
le

ad
er

bo
ar

d,
a

ce
rt

ai
n

co
de

sn
ip

pe
t

an
d

a
fiv

e-
po

in
tL

ik
er

ts
ca

le
.A

se
le

ct
io

n
st

ra
te

gy
is

pr
op

os
ed

to
de

te
rm

in
e

th
e

ne
xt

co
de

sn
ip

pe
ts

ub
je

ct
to

ev
al

ua
tio

n.



CHAPTER 3. GAMICRS 34

GamiCRS Rate Badges Leaderboards FAQ Qing Mi Sign out

Qing Mi
Points     Ratings     Uploads

User Profile

Total Points

Ranking

Badges

5730

4610

4010

3310

3220

3210

3080

2060

2710

2710

4

5

6

7

8

9

10

2440    3           1

13 on the global leaderboard!

Upload

Rating list (4)

4.25#212 Book.java

 1

 2

 3

 4

 5

 6

 7

 8

 9

10

11

12

13

14

15

16

17

18

19

20

public class Book {

    private int callNo;

    private String title;

    private String authors;

    public int getCallNo() {

        return this.callNo;

    }

    public String getTitle() {

        return this.title;

    }

    public String toString() {

        // TODO - implement Book.toString

        throw new UnsupportedOperationException();

    }

}

A Crowdsourcing Feedback

ID

147

186

287

398

Feb.13, 2017, 4:16 p.m.

Feb.14, 2017, 10:34 a.m.

Feb.19, 2017, 7:36 p.m.

Feb.24, 2017, 10:42 p.m.

Code Logic

Code Comments

Code Logic

Styl ist ic Consistency,

Code Logic,

Naming of Identifiers   

User Score Comments Impact Factors Rate Date

Anonymous

Anonymous

Anonymous

Anonymous

5

5

4

3

No comment.

There is no essential import statements.

The three attr ibutes are al l private variables. However, There are no setters nor constructor

to assign their init ial values.

The format looks very good. In terms of the naming and logic, a book may have more than

one authors but the “authors” variable is a str ing. A Str ing array should be better. What is

the meaning of “cal lNo”? A telephone number? Or ISBN number?

Rating list (4)

ID

147

186

287

398

Feb.13, 2017, 4:16 p.m.

Feb.14, 2017, 10:34 a.m.

Feb.19, 2017, 7:36 p.m.

Feb.24, 2017, 10:42 p.m.

Code Logic

Code Comments

Code Logic

Styl ist ic Consistency,

Code Logic,

Naming of Identifiers   Naming of Identifiers   

User Score Comments Impact Factors Rate Date

Anonymous

Anonymous

Anonymous

Anonymous

5

5

4

3

No comment.

There is no essential import statements.

The three attr ibutes are al l private variables. However, There are no setters nor constructor

to assign their init ial values.
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Figure 3.4: After uploading a code snippet, users can receive a crowdsourcing feedback
regarding its readability level.

Note that GamiCRS allows only Java code for the following reasons: 1) The majority of

previous studies build their code readability models based on Java programs (including but

not limited to [17, 42, 99]). We keep consistent with their choice for comparison purposes.

2) To explore the feasibility of GamiCRS, we carefully plan a field experiment in a course

held by the City University of Hong Kong. Java is one of the programming languages used

in the course.

3.3.2 Development Framework

GamiCRS is implemented as a web-based application that can be accessed anywhere, any-

time for the convenience of users. In order to make the web development fast and easy, we
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adopt Django1 as back-end framework to handle data storage and processing, and Boot-

strap2 as front-end framework to ensure a user-friendly interface.

Django is a free and open source Python framework that emphasizes the reusability

and pluggability of components. By abstracting a set of common web development pat-

terns (e.g., content administration and user authentication), Django reduces the workload

of repetitive design, development, and deployment of complex websites.

Bootstrap is a popular front-end framework for designing websites and web applica-

tions, which contains dozens of simple and flexible HTML- and CSS-based UI compo-

nents and layouts (e.g., typography, buttons, and navigation), as well as optional JavaScript

extensions.

3.3.3 Code Snippet Repository

As shown in Figure 3.3, the entire code snippet repository is composed of two parts: an

initial repository prepared by researchers before GamiCRS being put into use, and a sub-

sequent repository generated by users during the running process of GamiCRS. In this

section, we mainly describe the preparatory work of the initial code snippet repository. Af-

ter that, we introduce the rules and strategies of how to select the next code snippet for

users to rate.

3.3.3.1 Preparation of the Initial Code Snippet Repository

Prior to putting GamiCRS into service, we prepare a repository involving three datasets

(Table 3.3), namely DBuse, DDorn, and DScalabrino, which comprises a set of code snippets

for which the readability degree has been evaluated by previous studies [17, 42, 99] using

1https://www.djangoproject.com
2https://www.getbootstrap.com

https://www.djangoproject.com
https://www.getbootstrap.com
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a five-point Likert scale ranging from 1 (Very Unreadable) to 5 (Very Readable). The

repository serves two purposes: to support the evaluation of GamiCRS (the details are

shown in Section 3.4.2), and to guarantee the normal operation of GamiCRS before any

user-uploaded code snippet appears.

Table 3.3: Statistical summary of the initial code snippet repository.
Dataset # of Code Snippetsa # of Annotators Programming Language Lines of Code
DBuse 100→ 50 120 Java 7.7 lines on average
DDorn 360→ 60 5468 Java, Python, and CUDA roughly 10, 30, and 50 lines

DScalabrino 200→ 100 9 Java 10 to 50 lines
aIn each field, the value to the left of the arrow is the total number of code snippets, while the value to the right is the number of selected
ones.

DBuse (Dataset Provided by Buse et al. [17])

Buse et al. claimed that the notion of readability is largely independent of the tradi-

tional measures of code complexity. They thus deliberately chose short code snippets with

precisely three consecutive simple statements, in an attempt to eliminate context and mask

complexity to a large extent. Figure 3.5a serves as a typical example.

DDorn (Dataset Provided by Dorn et al. [42])

To simulate the user experience of viewing a window of an arbitrary portion of code,

Dorn et al. randomly extracted samples of different lengths (roughly 10, 30, and 50 LOC

each) from all available source files. Similar to DBuse, code snippets in DDorn could begin

or end in the middle of a block or multi-line statement, as shown in Figure 3.5b.

DScalabrino (Dataset Provided by Scalabrino et al. [99])

Noticing that the majority of code snippets in DDorn and DBuse are only fragments rep-

resenting a partial implementation, Scalabrino et al. focused on complete code entities (i.e.,

methods). An example is shown in Figure 3.5c.

In DBuse, DDorn, and DScalabrino, each code snippet is accompanied by an average score

representing its readability level. To determine whether a certain code snippet is readable
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(a) Sample code snippet from DBuse.

(b) Sample code snippet from DDorn.

(c) Sample code snippet from DScalabrino.

Figure 3.5: Samples from the initial code snippet repository.

or not, a cut-off value should be specified. Code snippets with readability scores greater

than the specified value are labeled as Readable, while the rest are labeled as Unreadable.

Unsurprisingly, the cut-off value varies in different studies (e.g., 3.14 in DBuse and 3.6 in

DScalabrino). We thus remove code snippets with neutral or ambiguous judgments, and keep

only the top 25% and the bottom 25% samples according to their readability scores. The

absolute number is 50, 60, and 100 for DBuse, DDorn
3, and DScalabrino respectively, as shown

in Table 3.3.

3.3.3.2 Selection Strategy for Next Code Snippet

As described above, we have well prepared a fairly large repository for GamiCRS. Next, we

need to set priorities for which code snippet should be displayed first for users to evaluate.

In our original design, only two simple rules have been set up:

3Note that DDorn is composed of code snippets taken from Java, Python, and CUDA projects. This study
concerns only the Java samples.
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• Users cannot rate self-uploaded code snippets.

• Users cannot rate code snippets they have been rated before.

To take full advantage of the gamification mechanisms, we bring forward two additional

rules as the balanced trade-off of encouraging high points users and allowing every code

snippet to receive as many ratings:

• Code snippets uploaded by users with high points are prioritized.

• Code snippets with few ratings are prioritized.

According to these criteria, we suggest the following selection procedure:

• Randomly select M code snippets uploaded by users with relatively high points.

• Randomly select N code snippets with relatively few ratings.

• Make the final selection randomly from the M +N candidates, where M and N are

customizable.

3.3.4 Rules and Regulations of PBL

Among all relevant game design elements (GDEs), we adopt the classic PBL triad (Points,

Badges, and Leaderboards) in GamiCRS. In this section, we systematically describe the

rules and regulations specific to each PBL.

Our design process begins by identifying the core activity in GamiCRS. Consistent

with traditional code readability surveys, GamiCRS aims to obtain as many high-quality

readability ratings from human experts as possible. Thus, either directly or indirectly, all

our designs center around this purpose. We expect that the competitive nature of PBL is

capable of encouraging users to do their best to accomplish the designated task.
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3.3.4.1 Point System

Points are used to reward users’ behaviors. Each user is shown his/her current points cal-

culated according to Table 3.4. It should be noticed that not all behaviors are created equal.

We reward more points for those behaviors requiring more effort and attention, or can be

more beneficial to the survey completion.

Table 3.4: Point system in GamiCRS.
Activity Point Description

Participate on GamiCRS 1000 One time only
Log in to GamiCRS 10+ Once a day

More points for consecutive logina

Rate a code snippet 50 Extra 20 points for comments
Upload a code snippet 20 Up to 1000 points per day
Obtain badges 50+ Detailed information in Table 3.5
Maintain a position 100+ Once a week
on points leaderboard For top 10 users onlyb

a10 points for 1 day login, 20 points for 2 days login, etc.
b1000, 600, 400 points for top 3 users, 100 points for others.

Considering that users may focus on repetition of non-useful gaming behaviors to get

plenty of points at one stroke (e.g., rate as many code snippets as they can, regardless of the

quality), we set a ceiling on the maximum points users can be given per day to discourage

such meaningless behaviors. As shown in Table 3.4, GamiCRS allows a maximum of 50

ratings or uploads per day. Users will be informed once they reach this predetermined limit.

3.3.4.2 Badge System

Badges are essentially virtual symbols of accomplishments. To earn a certain Badge, users

need to complete the Activity that goes with the Badge. Table 3.5 enumerates all the 20

badges available in GamiCRS, which can be further categorized into 4 groups (i.e., basic,
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standard, premium, and professional) according to the difficulty of accomplishing the Ac-

tivity. In particular, basic ones take the role of instruction to show what’s possible in the

system as they are extremely easy to get, while the others are used to provide various goals

for users to strive towards.

Table 3.5: Badge system in GamiCRS.
Categorya Badge Activity

Basic New Comer The first time login
Promoter The first time rating a code snippet
Talkative The first time commenting on a code snippet

Enlightened The first time uploading a code snippet
Competitor The first time getting a ranking

Standard Enthusiast For login on 3 separate days
Explainer Rate at least 20 code snippets

Commentator Comment on at least 10 code snippets
Junior Engineer Upload at least 10 code snippets

Mortarboard Enter the top 50 in points leaderboard

Premium Activist For login on 7 separate days
Refiner Rate at least 100 code snippets
Pundit Comment on at least 50 code snippets

Senior Engineer Upload at least 50 code snippets
Epic Enter the top 10 in points leaderboard

Professional Fanatic For login on 14 separate days
Illuminator Rate at least 200 code snippets

Altruist Comment on at least 100 code snippets
Principal Engineer Upload at least 100 code snippets

Legendary Win the first place in points leaderboard
a50, 200, 300, and 500 points are awarded to users for obtaining basic, standard, premium, and professional badges
respectively.

3.3.4.3 Leaderboard System

Leaderboards can be used to visually reflect a user’s current position in regards to his/her

peers, which is a great way to fuel friendly competition. However, if the gap between the
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user and the champion is too great, he/she may feel frustrated and lose motivation towards

the activity. One way to prevent this scenario is to simply involve multiple leaderboards

across a variety of contexts and time frames, in an attempt to demonstrate users’ endeavors

and achievements from different perspectives. Thus, we carefully introduce 5 long-term

(i.e., Total Points, Total Ratings, Total Uploads, Total Badges, and Total Login Days) and

3 short-term (i.e., Daily Points, Daily Ratings, and Daily Uploads) leaderboards in Gami-

CRS. Note that all daily leaderboards are reset at midnight every day.

3.4 A Field Experiment on GamiCRS

We assume that the incorporation of gamification techniques and infrastructure into the

context of code readability survey can produce psychological (e.g., satisfaction and fun)

and behavioral (e.g., participation and performance) benefits for survey participants. To

scientifically test this hypothesis, a field experiment is conducted in a real-life environment

to compare GamiCRS with its non-gamified counterpart, which lasts over a period of 2

weeks involving a class of 161 undergraduate students from the City University of Hong

Kong.

3.4.1 Experimental Design

3.4.1.1 Participants

The experiment is performed in a large undergraduate course CS3342 Software Design,

held by the City University of Hong Kong, which aims to introduce the fundamental prin-

ciples and practice of software process and object-oriented software development method-

ologies. We have two primary reasons for choosing CS3342 in this research. First, a total

of 161 students has enrolled in the course. The class size is large enough to well support our
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experiment. Second, since having familiarity with Java programming language (or equiva-

lent) is the prerequisite for enrolling in CS3342, we conjecture that all students have some

programming experience, which is necessary for our experiment.

To avoid the carryover effects, and lower the chances of participants suffering fatigue or

boredom from a long experimental duration, we carefully plan a between-subjects design

[22]. All participants are randomly and evenly allocated to the treatment and control group.

After successfully logging into GamiCRS with the pre-allocated Username and Password,

participants are automatically directed to different interfaces according to the group they

belong to. The treatment group (N = 81) has various GDEs displaying in the user interface

to encourage their contributions, while the control group (N = 80) does not. All other

respects are treated identically to eliminate the impact of environmental variables.

3.4.1.2 Procedures

The experiment spans a period of 14 days from 13th February to 27th February. To reflect

the natural behaviors and avoid creating time pressure, participants are permitted to access

GamiCRS at their leisure. The specific process of the experiment is described as follows:

• 13th February: Participants are told that they are invited to attend a code readability

survey and they are free to withdraw from the experiment at any time they want. All

they need to do is rate Java code snippets on the readability based on their knowledge

and experience, and their participation would assist in a study of identifying factors

that affect code readability. After that, a simple demonstration of the basic operation

of GamiCRS is provided.

• 20th February: Participants are reminded that the experiment is still in progress,

and their support and cooperation would be greatly appreciated.
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• 27th February: A post-experiment questionnaire is given to participants to col-

lect demographic information (e.g., age and gender) as well as their perspectives

on GamiCRS.

Note that the experimental procedures and main tasks are introduced to participants,

but not the true objective, this is to protect our experiment from the observer-expectancy

effect [55].

3.4.2 Experimental Results

In this section, we report to what extent the inclusion of gamification within code readabil-

ity survey has an impact on participants’ performance in terms of productivity and quality.

At the end of the field experiment, we obtain a set of subjective readability ratings.

The number is 385 versus 355 for the group of treatment and control respectively. For the

productivity aspect, the treatment group produces slightly more ratings as compared to the

control group, yet it appears to be no significant difference between the two comparison

groups.

Prior to assessing the quality, we consider the inter-rater agreement to evaluate whether

it is possible to aggregate all the subjective readability ratings into a coherent model. By

referring to previous studies [17, 42], we employ Spearman’s rank correlation coefficient

(Spearman’s rho) to measure the agreement degree among independent raters. Two specific

reasons are provided to support our choice: 1) The readability scores are essentially ordinal

scales of non-numeric concepts. It is the order that matters rather than the magnitude.

Specifically, if both raters assign code snippet X a higher readability score than code snippet

Y, we consider that they share a consistent view regarding these two snippets, irrespective

of the absolute numerical values [17]. 2) It is not reasonable to assume that the readability
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scores follow a normal distribution. Thus, we choose the nonparametric Spearman’s rho

instead of the Pearson product-moment correlation coefficient.

To obtain the inter-rater agreement, we first specify the ground-truth in terms of read-

ability for each code snippet. Based on the specified ground-truth, we compute Spearman’s

rho for each rater and then average these correlations. The result can range in value from

-1 to 1. Note that the raters who provide only one or two ratings have been excluded, as

Spearman’s rho is meaningless in such a situation.

Figure 3.6a displays the inter-rater agreement with the average rating scores to be the

ground-truth, which is calculated and compared for DBuse, DDorn, and DScalabrino separately

due to the fundamentally different characteristics of these datasets (as shown in Figure 3.5

and Table 3.3). Our interpretation for the value of mean Spearman correlation is in line with

those from Buse et al.’s work [17]. They claimed that for a human-related study, a correla-

tion greater than 0.5 is typically considered as moderate to strong. It can be observed that

the results for both treatment and control groups are above the prescribed limit, which vali-

dates the effectiveness of our unified model. Also, it is important to note that the treatment

group demonstrates a higher inter-rater agreement across all datasets as compared to the

control group.

So far, each code snippet is accompanied by two scores: a standard score comes from

previous studies [17, 42, 99], which we consider as the correct answer, and a mean-opinion-

score that has been validated by the inter-rater agreement analysis, which represents the

participants’ judgments during the field experiment. Next, we evaluate the quality of the

mean-opinion-score.

As is described in Section 3.3.3.1, each dataset can be divided into two groups based

upon the standard score, namely Readable Group (the top 25% code snippets with a high
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(a) Mean Spearman correlation with the average readability judg-
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(b) Mean Spearman correlation with the standard readability judg-
ments as the ground-truth.

Figure 3.6: Comparison of inter-rater reliability between the Treatment and Control group.

readability level) and Unreadable Group (the bottom 25% code snippets with a low read-

ability level). Using the nonparametric Wilcoxon-Mann-Whitney test [70] at 0.01 signifi-

cance level, we examine whether the mean-opinion-scores in Readable Group are statisti-

cally significantly higher than those in Unreadable Group. To assess the magnitude of the

difference between the two comparison groups, we calculate Cliff’s Delta [24].
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Table 3.6 illustrates the statistical results of Wilcoxon-Mann-Whitney test (p-value col-

umn) and the corresponding effect size (d-value column) for each dataset. The magnitude

of Cliff’s Delta is interpreted using the thresholds provided in Romano et al.’s study [92],

which is considered Negligible for |d-value| < 0.147, Small for |d-value| < 0.330, Medium

for |d-value| < 0.474, and Large for otherwise.

Table 3.6: Comparison of mean-opinion-scores between the Readable and Unreadable
group.

Dataset Treatment Group Control Group
p-value d-valuea p-value d-valuea

DBuse 0.001 0.520 (Large) 0.082 0.283 (Small)
DDorn 0.215 0.1833 (Small) 0.002 0.467 (Medium)

DScalabrino 0.000 0.412 (Medium) 0.062 0.214 (Small)

A significant difference with at least a small effect size (i.e., p-value < 0.01 and |d-value|

> 0.147) is highlighted in Table 3.6. It can be observed that participants in the treatment

group perform much better than the control group with regard to DBuse and DScalabrino,

but not DDorn. To verify our conclusion, we take the standard readability judgments as

the ground-truth to calculate the mean Spearman correlation one more time. The result is

presented in Figure 3.6b, which reaffirms that participants agree with the correct answer

more often in the treatment group than do the control group.

3.4.3 Post-Experiment Questionnaire

After the field experiment, a questionnaire approach is utilized in the treatment group to

investigate users’ impressions and attitudes toward GamiCRS based on Technology Accep-

tance Model (TAM) [30, 31], which is one of the most robust theories for predicting and/or

explaining user acceptance. This research is among the first to employ TAM in the field
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of gamified survey. Specifically, we structure our post-experiment questionnaire with four

TAM-based Likert-subscales modified to the context of this study.

• Perceived Ease of Use (PEOU): the extent to which users believe that using Gami-

CRS are easy (i.e., free of physical and mental effort).

• Perceived Usefulness (PU): the extent to which users believe that using GamiCRS

can enhance their performances and help achieve their goals.

• Attitude Toward Game Design Elements (ATGDE): an overall assessment repre-

senting users’ attitudes toward the effects of game design elements.

• User Satisfaction (US): the extent to which users consider GamiCRS meets their

needs and expectations.

The objective of the post-experiment questionnaire is basically to understand users’

perceptions and behaviors on GamiCRS. To fully capture the concept being assessed, each

subscale is composed of a series of Likert-type items that represent similar statements,

which is enumerated in Figure 3.7.4 Participants are required to specify their level of

agreement to each statement on a scale ranging from 1 (Strongly Disagree) to 5 (Strongly

Agree).

A total of 73 valid responses is received through both online and written questionnaires,

giving a response rate of around 90% (N = 81). We begin by summarizing the demographic

characteristics of the participants. The population comprises 54 (74%) males and 19 (26%)

females. Approximately 89% of the participants report to have Java development experi-

ence (Median = 1, Mean = 1.56, SD = 1.44). As all participants are undergraduate students,

their age varies in a small range from 18 to 26 years old (Median = 20, Mean = 20.59, SD

= 1.49).
4The full version of the post-experiment questionnaire is provided in Appendix D.
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Next, Cronbach’s alpha (a measure of internal consistency or reliability) [27] is used

to provide evidence that the Likert-type items form an internally reliable subscale (i.e.,

the Likert-type items are homogeneous and measuring the same concept). The value of

Cronbach’s Alpha for each of the subscale is shown in Table 3.7. Among a wide variety of

standards proposed to interpret what makes a good alpha coefficient, we follow the rules of

thumb as given in DeVellis et al.’s work [38], which is considered Excellent for >0.90, Very

Good for >0.80, Respectable for >0.70, Minimally Acceptable for >0.65, Undesirable for

>0.60, and Unacceptable for <0.60. It can be observed that all of our results are far above

the threshold 0.6, thus demonstrating a reliable item-scale correlation coefficient.

Table 3.7: Internal consistency of the post-experiment questionnaire.

Subscale Cronbach’s 95% Confidence Boundaries Mean SD
Alpha Lower Upper

PEOU 0.75 0.66 0.85 3.3 0.59
PU 0.85 0.79 0.91 3.5 0.71

ATGDE 0.90 0.87 0.94 3.2 0.73
US 0.86 0.80 0.91 3.1 0.78

After that, we provide the response distribution of the post-experiment questionnaire

in Figure 3.7. The stacked bar chart is the most widely used approach for visualizing

Likert results, with a position further to right indicating a higher level of agreement on the

particular statement.

3.4.4 Implications

In this section, we provide implications of the experimental results for those who plan to

start a research on gamification applications.
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GamiCRS has been proposed to make code readability survey more engaging and re-

warding, with the underlying goal of improving the quality of survey results. A field exper-

iment has validated the potential of GamiCRS on the performance of survey participants.

However, it is noteworthy that the amount of collected data for both groups are low, which

confirms the necessity of involving more persuasive factors (e.g., reciprocity, authority,

scarcity, and brevity besides gamification [103]).

Since users’ needs and desires should be put at the center of any gamification project,

we value their feedback from the post-experiment questionnaire as an important measure-

ment. The statement HYP in Figure 3.7 indicates that the majority of the participants

would like to receive readability judgments from others, with more than 60% of responses

in agreement and just 7% in disagreement, reflecting a very positive belief. When asked

if they find using GamiCRS is easy and useful, most of the participants express a pos-

itive stance, which makes it possible to promote long-term behavioral changes with the

help of GamiCRS. After that, we identify the impact of isolated GDEs to help researchers

and practitioners to prioritize which GDEs to use in their future work. We discover that

points and leaderboards are more effective than badges in motivating users to contribute.

Although the PBL triad plays an active role, participants put more emphases on the use-

fulness of the gamified system, which can serve to guide future working directions. Also,

participants express a slightly more neutral response concerning the US aspect, indicating

that GamiCRS is not as attractive as what they expect. To improve GamiCRS, it would be

valuable to conduct trials with different mechanisms, such as the inclusion of challenges

(e.g., a non-deterministic rewarding mechanism) and/or explicit collaborations.
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3.5 Discussion

In this section, we discuss several issues that need to be clarified and the potential applica-

tion directions of GamiCRS.

3.5.1 Gamification Versus Pointsification

Gamification is a relatively recent concept and in many ways it can be confused with

pointsification, a term coined by game designer Margaret Robertson [6, 100].

Pointsification typically refers to adding nothing more than a scoring system to a non-

game environment and representing it as the core of the experience. Although pointsifica-

tion is somewhat effective in motivating certain activities, it is usually questionable as it

focuses solely on the least interesting and essential part of games - the scoring system. The

caveat is that relying only on the valueless points as incentive mechanism is often insuffi-

cient, and on the other hand, could easily undermine users’ inherent interest to pursue the

activity. Gamification, by contrast, covers a much wider range of possibilities. Rather than

just sticking together a collection of GDEs, meaningful gamification advocates systemati-

cal and artistic design for the purpose of fostering real engagement.

During the design process of GamiCRS, we deliberately adopt the strengths of pointsi-

fication and gamification while overcoming their shortcomings. Considering that the goal

of GamiCRS is to create a long-term change where users feel positive about engaging in

the survey process, we attempt the combination of both intrinsic and extrinsic motivators

to form a systemic incentive mechanism. We begin by inspiring users’ extrinsic motivation

through various GDEs. At this stage, all users’ endeavors and accomplishments are metic-

ulously tracked, measured and therefore rewarded with points and badges. While keeping

them in the reward loop, we gradually facilitate users’ understanding of the importance of
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code readability as the survey progresses, and ultimately internalize its regulation so they

can be self-motivated and self-directed to perform the activity, instead of trying to escape

it or just get through it.

3.5.2 Existing Problems and Challenges in GamiCRS

With the approach of bringing game mechanics into code readability survey, we develop

GamiCRS. Despite our best efforts, there are still many problems and challenges that need

to be resolved. In this section, we list out all the issues being found during the course of

the field experiment, in order that researchers and practitioners who are interested in the

relevant topic could avoid committing the same mistakes.

• One major concern is the repetition of gaming behaviors. Striving for a high score,

some participants perform a considerable number of ratings/uploads within a short

period of time, which inevitably raises doubts as to the data quality. A more effective

strategy should be developed in future work to restrict these meaningless behaviors.

• Contrary to our expectations, only a small amount of user-uploaded code snippets

appear in GamiCRS. A possible reason is that the only link pointing to upload page is

placed in an inconspicuous position. Moreover, as we expect participants to discover

the upload feature through their own efforts, we have not mentioned or demonstrated

it prior to the initiation of the field experiment, which seems inappropriate in this

context.

• In current GamiCRS, users can receive only a modeless messagebox displaying the

given points after rating a code snippet. A student reports that he/she prefers a more

useful and relevant feedback, for instance, whether or not his/her judgment is correct,

or conforms to previous judgments provided by others.
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• Another problem, pointed out by a student, is that the code snippet in GamiCRS

is rendered with syntax highlighting in a form different from modern IDEs (e.g.,

Eclipse5), which may well lead to users’ confusion and frustration.

The first two issues are identified through the experimental results, while the last two

through the open question “Any other comments and suggestions?” at the end of the post-

experiment questionnaire. We encourage researchers and practitioners to give serious con-

sideration to these advices in their future work.

3.5.3 Threats to Validity

We discuss potential threats to the validity of our study in this section.

3.5.3.1 Internal Validity

Several factors limit the findings of this study. First, among various GDEs, we adopt the

well-known PBL triad (Points, Badges, and Leaderboards) to implement game experiences,

as they are simple yet proved to be effective in most previous gamification projects. How-

ever, it is highly possible that a different set of GDEs (or a different set of rules and reg-

ulations regarding GDEs) may yield different experimental results. Further research is

necessary to investigate the effects that different (combinations of) GDEs may have on

GamiCRS.

Another possible limitation to this study is the duration of the field experiment. All

participants spend only a short period of time (just 2 weeks) using GamiCRS, which may

not be considered enough to derive a general conclusion. On the other hand, the long-

term effects of GamiCRS remain to be further observed due to the limited time-span. This

5https://www.eclipse.org

https://www.eclipse.org
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threat to generalization could be mitigated by extending the experimental period to provide

a comprehensive analysis in future research.

3.5.3.2 External Validity

To ensure the effectiveness of GamiCRS, we carefully plan a field experiment with 161 par-

ticipants. We believe that the sample size is large enough to validate our results. However,

all participants involved in the experiment are undergraduate students at the City University

of Hong Kong, sharing a relatively homogeneous background in terms of age and technol-

ogy skills, which may not be representative of the general community. Although the use

of college students imposes some limits on our external validity, it is not believed that the

overall results are skewed, yet further study is required to extrapolate our findings to other

populations.

3.5.3.3 Construct Validity

Another consideration resides in the post-experiment questionnaire designed on the basis

of Technology Acceptance Model to capture users’ impressions and attitudes toward the

acceptance of GamiCRS. Although we have referred to a wide variety of literature to guar-

antee the quality and reliability of the questionnaire, by no means do we claim that it is

capable of completely reflecting the concept being assessed. In addition, our choice of

some Likert-type items are admittedly subjective. For future work, we intend to refine the

questionnaire by introducing a wider range of fine-grained items to mitigate this threat.



Chapter 4

DeepCRM: A Deep Learning-Based

Code Readability Model

Code readability classification has attracted increasing concern in academia and industry.

To construct accurate classification models, previous studies (including but not limited to

[17, 89]) usually handcrafted surface-level features such as operator counts or line lengths

[42] to represent code readability. The process is admittedly labor-intensive, and it is possi-

ble that some important factors will be missed. Thus, instead of manual design and extrac-

tion of features, we introduce a deep learning-based approach that can learn complicated

underlying features automatically from the source code.

In particular, we use Convolutional Neural Networks (ConvNets). We first introduce a

representation strategy (with different granularities) to transform source codes into integer

matrices as the input to ConvNets. We then propose DeepCRM, a deep learning-based

model for code readability classification. DeepCRM consists of three separate ConvNets

with identical architectures that are trained on data preprocessed in different ways. The

55
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approach is not another model based on feature engineering, but a constructive method of

gaining a deep understanding of the input data, which makes our study novel in this regard.

We evaluate our approach against five state-of-the-art code readability models. The

experimental results show that DeepCRM can outperform previous approaches. The im-

provement in accuracy ranges from 2.4% to 17.2%. By eliminating the need for manual

feature engineering, DeepCRM provides a relatively improved performance, confirming

the efficacy of deep learning techniques in the task of code readability classification.

The rest of this chapter is organized as follows. Section 4.1 introduces some prelim-

inaries. In Section 4.2, we describe the proposed approach. Section 4.3 presents the de-

tailed design of our experiments and Section 4.4 summarizes the results. In Section 4.5,

we present several exploratory experiments. Section 4.6 discusses our findings and the

possible threats to validity.

4.1 Preliminaries

In this section, we introduce the basic knowledge regarding Convolutional Neural Networks

(ConvNets) and the statistical methods used in this study.

4.1.1 Convolutional Neural Networks

Convolutional Neural Networks (ConvNets) [21, 65] are special kinds of Neural Networks

with biologically inspired structures. As shown in Figure 4.1, a typical ConvNet is com-

posed of a succession of convolutional, pooling, and fully-connected layers:1

• Convolutional Layer
1The ConvNet in Figure 4.1 is actually LeNet-5 [107, 64], which is designed for recognition of handwrit-

ten and machine-printed characters.
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F6

Full
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Gaussian
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Figure 4.1: Architecture of a Typical ConvNet

A convolution is often interpreted as a filter. By applying a convolution operation fol-

lowed by a nonlinearity to the input, we can obtain a feature map (the plane in Figure 4.1).

Specifically, the output y at lth layer is given by:

xl
i, j = ∑

m
∑
n

wl
m,nyl−1

i+m, j+n +bl (4.1)

yl
i, j = σ(xl

i, j) (4.2)

where input x is of dimension W×H (i.e., width×height of input x, see Figure 4.1) and

has i by j as the iterators; filter w is of dimension k1× k2 (i.e., width× height of filter w,

see Figure 4.1) and has m by n as the iterators; bl denotes the bias unit at lth layer; and σ(·)

denotes a nonlinear activation function such as Sigmoid ( 1
1+e−x ), Tanh ( ex−e−x

ex+e−x ), or ReLU

(max(0,x)). The output feature maps serve as the input to the next layer.

• Pooling Layer

After a convolutional layer, a pooling layer is usually added to perform down-sampling

by concentrating the input over a certain area into a single value. The process can help
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relieve the computational load because it reduces the number of parameters in the net-

work. Various techniques can be used in pooling layers, including max-pooling and mean-

pooling.

• Fully-Connected Layer

Fully-connected layers are allocated after a couple of convolutional and pooling layers.

Each neuron in fully-connected layers connects to all activations in the previous layer.

From another perspective, a typical ConvNet consists of a feature learning network

(including one or more convolutional and pooling layer pairs) and a classification network

(including one or more fully-connected layers) [57]. The former network extracts features

automatically from the input data, whereas the latter network generates output based on the

extracted features. The system parameters (i.e., weights w and biases b) are adjusted via

the training process.

4.1.2 Statistical Methods

• The Brunner-Munzel Test

To detect differences between two comparison groups, we adopt the Brunner-Munzel

test [16, 81] as recommended by Kitchenham et al. [59], which is a derivation of the

Wilcoxon-Mann-Whitney test [70]. The Brunner-Munzel test has the advantage of making

no assumptions regarding the shape or continuity of the underlying distribution, which

works well (even for small and unbalanced sample sizes) compared to alternative methods

[82].

• The Cliff’s Delta Statistic

To determine the magnitude of the differences between the two comparison groups, we

adopt the Cliff’s Delta statistic [24] as recommended by Kitchenham et al. [59]. Cliff’s
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Delta is a measure of dominance, which estimates the probability that a randomly selected

observation from one group is larger than a randomly selected observation from another

group, minus the reverse probability [69].

Specifically, the Cliff’s Delta estimator is given by:

d =
Sum[x > y]−Sum[x < y]

NxNy
(4.3)

where the two comparison groups x and y are of size Nx and Ny, respectively. We

interpret the value of Cliff’s Delta using the thresholds provided in Romano et al.’s study

[92], which is considered Negligible for |d-value| < 0.147, Small for |d-value| < 0.330,

Medium for |d-value| < 0.474, and Large for otherwise.

4.2 Proposed Approach

Analogous to priorwork [17, 89, 42, 99], we regard the code readability classifica-

tion problem as a binary classification problem: given a piece of source code x =
x11 . . . x1n

... . . . ...

xm1 . . . xmm

, where m denotes lines of code, n denotes the maximum line length,

and xi j denotes a code symbol.2 We classify x into a Readable or Unreadable class.

As shown in Figure 4.2, our approach consists of three major stages: 1) transformation

of source codes into integer matrices as the input to ConvNets; 2) construction of multiple

ConvNets and training with respect to learnable parameters; 3) determination of whether a

new instance is readable or unreadable using the trained model. In this section, we describe

the first two stages in detail.

2The code symbol acts as the basic unit of the source code, which can be a character, a keyword, a
function, etc. Further details are provided in Section 4.2.1.
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4.2.1 Source Code Representation

To enable deep learning-based program analyses, we must formulate an appropriate strat-

egy for source code representation.

As shown in Figure 4.3, previous studies on deep learning applications in software

engineering often preserve partial information of the source code. For instance, Wang et

al. [109] made use of only three types of AST nodes (i.e., invocation nodes, declaration

nodes, and control-flow nodes) for defect prediction. Gu et al. [49] focused solely on

API usage sequences (e.g., FileOutputStream.new, FileOutputStream.write, and FileOut-

putStream.close) for API recommendation. Because there is no definitive answer as to

which factor(s) can affect code readability, our basic principle is to preserve as much as

possible the original information about the source code.

Defect
Prediction

API
Recommendation

Code Readability
Classification

Invocation Nodes

Declaration Nodes 

Control-Flow Nodes

Abstract Syntax
Tree Nodes

Invocation Nodes

Declaration Nodes 

Control-Flow Nodes

Abstract Syntax
Tree Nodes

FileOutputStream.new

FileOutputStream.write

FileOutputStream.close

API Usage
Sequences

FileOutputStream.new

FileOutputStream.write

FileOutputStream.close

API Usage
Sequences

Character-Level

Token-Level

Node-Level

A Matrix of
Code Symbols

Character-Level

Token-Level

Node-Level

A Matrix of
Code Symbols

Original InformationPartial Information

Figure 4.3: Different Strategies for Source Code Representation

Specifically, we first parse the source codes into a set of symbols and then convert

the symbols into integer matrices, which is the universal format that ConvNets can easily

analyze and manipulate. Possible granularities of the code symbol (xi j) are enumerated as

follows [29, 88]:3

3It is notable that we do not consider statement-, function-, or even higher-level representations, primarily
because they are too abstract and may well lose useful information for code readability classification.
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• Character-Level Representation: Each character (e.g., a-z, A-Z, and 0-9) is treated

as a symbol.

• Token-Level Representation: Each token (e.g., keywords and operators) is treated

as a symbol.

• Node-Level Representation: Each node in the Abstract Syntax Tree (e.g., declara-

tions and definitions) is treated as a symbol.

In this section, we detail our representation strategy specific to each granularity. Note

that we focus solely on Java language because most previous studies constructed their code

readability models based on Java programs (including but not limited to [17, 89, 42, 99]).

We remain consistent with their choice for comparison purposes.

4.2.1.1 Character-Level Representation

Like the pixels of an image, we treat a source code as a matrix of characters. Specifically,

we transform letters (i.e., a-z and A-Z), numbers (i.e., 0-9), and marks (e.g., parentheses

and braces) into their ASCII values. Given that the spatial layout of the source code may

well affect its readability, we also preserve whitespaces (i.e., spaces, horizontal tabs, and

line terminators) that have generally been ignored in prior deep learning studies.

The final output takes the form of two-dimensional arrays. A simplified example is

presented in Figure 4.2. Note that we pad the arrays with a special integer (here, -1) because

ConvNets require all inputs have the same length.
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4.2.1.2 Token-Level Representation

Referring to the tokenization mechanism proposed by Basit et al. [7],4 we too assign a

unique integer to each token, including keywords (e.g., public and int), separators (e.g.,

semicolons and brackets), operators (e.g., subtraction and decrement), literals (e.g., true and

null), and whitespaces. The advantage of this method is its simplicity and customizability.

For instance, if we consider the difference among data types byte, short, int, and long to

be insignificant for code readability classification, we can specify an integer to uniformly

represent them.

It is noteworthy that some tokens such as variable names are user-defined and thus

method-specific, which cannot be generalized to other code snippets. If we similarly assign

every such token with a unique integer, it is likely to cause the undesired data sparseness.

One possible approach to handle this situation is to introduce a suitable abstraction, such

as replacing all variable names with a particular value.5 Considering that useful informa-

tion may be available in user-defined tokens (e.g., naming conventions [12, 101]), we put

forward an alternative method that transforms these tokens with their ASCII values in an

attempt to preserve as much information as possible.

4.2.1.3 Node-Level Representation

Programs usually contain well-defined syntax that can assist in detecting certain patterns

[109, 83]. To capture the syntax information, we use the Abstract Syntax Tree (AST),

which is an intermediate tree-like representation that allows us to access the syntactic struc-

ture of the source code. Specifically, we traverse each AST and encode every kind of node

with a special integer. Note that ASTs omit certain elements in programs and thus enable

4The tokenization mechanism [7] is proposed for code clone detection. Because we are considering a
different goal, we have made some necessary changes.

5A similar approach was adopted by Wang et al. [109].



CHAPTER 4. DEEPCRM 64

the suppression of some inessential classes (e.g., the byte, short, int, and long examples

discussed in the previous section). This is actually the most commonly used representation

level in deep learning-based program analyses, including defect prediction [109] and code

clone detection [112].

4.2.2 Neural Network Architecture

Corresponding to each granularity, we construct three separate ConvNets with identical

architectures. For simplicity, we denote them as ConvNetCR (CR stands for Character-Level

Representation), ConvNetT R (TR stands for Token-Level Representation), and ConvNetNR

(NR stands for Node-Level Representation), respectively. The objective is to have multiple

ConvNets that are skillful, but from different perspectives. In each ConvNet, the feature

learning network contains a convolutional layer with a bank of filters, followed by the

ReLU function6 and a max-pooling layer. The classification network is composed of a

fully-connected layer leading to a two-way Softmax classifier. The details are illustrated in

Figure 4.4.

As we discussed in Chapter 1, code readability is essentially an intuitive concept. The

best way to determine whether a source code is readable is to consult with a number of do-

main experts rather than depending on one individual’s judgment. To simulate this process,

we propose the combination of multiple ConvNets into an ensemble model. The intuition is

that the collective wisdom often produces a better solution [40]. Accordingly, we aggregate

ConvNetCR, ConvNetT R, and ConvNetNR with adjustable weights. We denote the resulting

model as DeepCRM (Deep Learning-Based Code Readability Model). The main novelty

of our approach is the inclusion of the ensemble architecture, which is shown in Figure 4.5.

6The ReLU function (Rectified Linear Unit [68]) is widely used in recent applications because it can yield
comparable results but converge several times faster than their equivalents [60].
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Figure 4.4: Architecture of Separate ConvNets

4.2.3 Details of Configuration and Training

The proposed ConvNets are implemented in Python using Keras7 and TensorFlow8. We

train them in a supervised manner with the Adam optimization algorithm [58], which is

highly recommended as the optimization method for deep learning applications [54]. The

learning rate is initialized as 0.001 and adapted during training. The goal is to minimize

the network’s loss (or misclassification error) with respect to adjustable parameters (i.e.,

weights9 and biases). Here we adopt the widely used cross-entropy loss [32] for our clas-

sification problem:

L =− 1
N

N

∑
i=1

M

∑
j=1

ti, j logyi, j (4.4)

7https://github.com/keras-team/keras
8https://www.tensorflow.org
9Analogous to most ConvNets, we use a weight-sharing strategy to reduce the number of free parameters.

https://github.com/keras-team/keras
https://www.tensorflow.org
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Figure 4.5: Ensemble Neural Network Architecture

where N = 32 is the number of training instances used in one iteration (i.e., the batch

size), M = 2 is the number of classes (i.e., Readable and Unreadable), t is the ground truth,

and y is the estimated class probability. The training data are randomly shuffled before they

are sent to the network. To prevent over-fitting, a dropout with probability 0.5 is applied.

In addition to these configurations, we must fine-tune two hyperparameters: the filter

size and the number of feature maps. The details are discussed in Section 4.4.

4.3 Experimental Setup

To validate the effectiveness and efficiency of our approach, we design several experi-

ments. This section mainly describes the experimental setups. Specifically, we first outline

five research questions and the corresponding motivations. We then detail the construc-

tion process of the dataset used in this study. Finally, the evaluation metrics are briefly

introduced.
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4.3.1 Research Questions

The goal of this study is to explore the potentiality of deep learning techniques in the task of

code readability classification, with the purpose of improving the state-of-the-art. To eval-

uate whether deep learning is beneficial, we conduct a series of experimental evaluations.

Specifically, we aim to answer the following research questions:

• RQ1: Do different parameter settings affect the model performance?

Motivation: We aim to explore the sensitivity of each ConvNet (ConvNetCR,

ConvNetT R, and ConvNetNR) with respect to different parameter settings. Because tuning

is normally time-consuming, we expect our ConvNets to be relatively stable.

Approach: Two hyperparameters require fine-tuning: the filter size and the number of

feature maps. To answer this research question, we vary the values of these two hyperpa-

rameters and evaluate their effects on the model performance in terms of accuracy.

• RQ2: What is the benefit of the ensemble architecture?

Motivation: To improve model generality, we propose a novel architecture that com-

bines ConvNetCR, ConvNetT R, and ConvNetNR. This research question involves investiga-

tion of the efficacy of this ensemble method.

Approach: We evaluate the performance of DeepCRM against the fine-tuned

ConvNetCR, ConvNetT R, and ConvNetNR using accuracy and f-measure.

• RQ3: How accurate is DeepCRM in code readability classification when com-

pared to traditional models?

Motivation: This study is the first to apply ConvNets to the field of code readability

classification. It is important to know whether our approach can outperform state-of-the-art

code readability models.



CHAPTER 4. DEEPCRM 68

Approach: To answer this research question, we compare DeepCRM with five com-

petitors that are state-of-the-art models for code readability classification.

• Buse et al.’s Model [17]: Buse et al. proposed a set of local code features to represent

code readability. They claimed that the model performed just as good as a human.

• Posnett et al.’s Model [89]: Based on Buse et al.’s work, Posnett et al. derived a

model that is simpler, better performing, and theoretically well-founded with only 3

variables: z = 8.87−0.033V +0.40Lines−1.5Entropy.

• Dorn et al.’s Model [42]: Making use of visual, spatial, and linguistic features, Dorn

et al. aimed to construct a universal model for code readability.

• Scalabrino et al.’s Model [99]: To improve the performance of the existing models,

Scalabrino et al. further introduced a set of textual features targeted on identifiers

and comments.

• A Comprehensive Model [99]: A code readability model that includes each of the

features mentioned above.

We denote the aforementioned models as MBuse, MPosnett , MDorn, MScalabrino, and MAll

successively. For a fair and easy comparison, these models are all trained using logistic

regression as the underlying classifier [99].

• RQ4: What is the time and space cost of training the proposed ConvNets?

Motivation: Despite the advantages that deep learning may offer, its training process

tends to be computationally expensive. In this research question, we aim to provide re-

searchers and practitioners with a clear understanding.

Approach: We explicitly record the time and space cost of ConvNetCR, ConvNetT R,

ConvNetNR, and DeepCRM during the training process.
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In summary, we begin by choosing the optimal hyperparameters for each ConvNet

(RQ1). We then combine them into an ensemble model and evaluate its efficacy (RQ2).

After that, we compare the performance of our approach with those of the state-of-the-

art models (RQ3). Finally, we report the time and space cost incurred during the training

process (RQ4).

4.3.2 Dataset Construction

To train and test our model, we first need to prepare a corpus of labeled code snippets as the

ground-truth. Specifically, our data are extracted from prior code readability studies and

open source software projects. In this section, we detail our data collection process.

To facilitate comparison with other approaches, we first gather a set of code snippets

from previous studies, namely, DBuse, DDorn, and DScalabrino, as shown in the first part of

Table 4.1. In DBuse, DDorn, and DScalabrino, each code snippet is evaluated by multiple

human annotators on a five-point Likert scale [67] ranging from 1 (very unreadable) to 5

(very readable). We aggregate these subjective ratings by taking the mean to represent the

readability degree of each code snippet. Following a similar approach to that of Lee et al.

[66], we construct two representative groups for each dataset: the Readable group (i.e., the

top 25% code snippets with high readability scores) and the Unreadable group (i.e., the

bottom 25% code snippets with low readability scores), whereas the code snippets with

neutral or ambiguous judgments (i.e., the middle 50% samples) are excluded.

Only a few human-annotated code snippets are available in the literature (see Table 4.1

for details), which may not be adequate to train the proposed ConvNets. We must extend

our dataset with more samples. To achieve this, we first fully download ten Java projects
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from various sources (e.g., Github10 and SourceForge11) across multiple application do-

mains (e.g., web server and testing tool), this is to increase the generalizability of our

findings. Similar to the approach used in the prior study [99], we extract from the selected

projects all complete code entities (i.e., methods) whose size is between 10 and 50 lines.

Afterwards, we calculate the MD5 hash for each file to remove duplicates. As shown in

the second part of Table 4.1, we obtain a total of 51831 code snippets. The next step is to

classify them as readable or unreadable. According to the definition of code readability, the

most accurate method to judge whether a piece of source code is readable is to conduct a

large-scale survey involving as many domain experts as possible. The process is inevitably

labor-intensive and time-consuming. Considering that we have more than 50,000 code

snippets to evaluate, the human assessment approach is practically impossible. We thus

propose an alternative method to help classify these samples.

Lee et al. [66] found that source codes that significantly violate programming guide-

lines/conventions/styles [48, 75] are less readable than those that do not. Buse et al. [17]

showed that code readability correlates strongly with external notions of software quality

(e.g., defect density and code churn). According to their conclusions, we rely on the total

rule violations to obtain a rough estimate of whether a source code is readable. Specifically,

we count the number of rule violations for each file making use of automated tools PMD12

and CheckStyle13. PMD examines for common programming flaws like unused variables

and empty catch blocks, whereas CheckStyle detects whether a Java code complies with a

programming standard. We rely on PMD and CheckStyle to help annotate the newly col-

lected code snippets. The reasons for using third-party tools rather than previous models

are as follows: 1) Previous studies [17, 89, 42, 99] have not released their source code for
10https://github.com
11https://sourceforge.net
12https://pmd.github.io
13http://checkstyle.sourceforge.net

https://github.com
https://sourceforge.net
https://pmd.github.io
http://checkstyle.sourceforge.net
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public use, so there is no efficient way to annotate code snippets based on their models. 2)

PMD and CheckStyle can cover many features that have been found to be associated with

code readability, for instance, comment lines, naming conventions, and defect density. 3)

We consider that the use of external tools is likely to be fair and objective, because previous

models usually lean towards a certain kind of features. For instance, Buse et al.’s Model

[17] involved only layout features (e.g., the number of blank lines), whereas Scalabrino

et al.’s Model [99] attached greater importance to textual features (e.g., the readability of

comments).

For each project, we consider the top 25% of code snippets with more rule violations

as the Unreadable group and the bottom 25% of code snippets with fewer rule violations

as the Readable group. The average violations for the two comparison groups are 84.84

and 30.17, respectively. In this way, we obtain an additional 25,000 samples to adequately

train the proposed ConvNets. A statistical summary of the datasets is presented in Table

4.1. Besides, the pie chart in Figure 4.6 shows the distribution of our data sources. Because

the new dataset (DOSS) has not been validated by human annotators, it will be used only for

tentative explorations (see Section 4.5 for details).

Note that this method is only applicable for dataset construction (i.e., for identification

of two groups of relatively readable/unreadable code snippets). It is unreasonable to use it

for code readability classification. In other words, when given a new instance, we cannot

determine its readability degree based merely on its number of rule violations.14

14Code readability is essentially a subjective concept [17] that has been found to be associated with various
factors such as comment lines [1], naming conventions [12, 101], defect density [42], and rule violations [66].
However, statistical associations do not imply causation. We cannot equate code readability with any of these
factors [115, 108].
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Figure 4.6: The Distribution of Data Sources

4.3.3 Evaluation Metrics

To measure classification results, we use accuracy and f-measure as the evaluation metrics,

which have commonly been used in previous code readability studies [17, 42, 99]. The

higher the metric value, the better the model performance.

Accuracy =
True Positive+True Negative

True Positive+False Positive+True Negative+False Negative
(4.5)

F−Measure =
2∗Precision∗Recall

Precision+Recall
(4.6)

where True Positive is the number of readable instances that are correctly classified

as readable, True Negative is the number of unreadable instances that are correctly classi-

fied as unreadable, False Positive is the number of unreadable instances that are wrongly
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classified as readable, False Negative is the number of readable instances that are wrongly

classified as unreadable, Precision refers to True Positive
True Positive+False Positive , and Recall refers to

True Positive
True Positive+False Negative . In summary, accuracy shows the ratio of correctly classified in-

stances, whereas f-measure shows the weighted harmonic mean of Precision and Recall.

4.4 Results

In this section, we present the experimental results according to each research question.

For simplicity, we denote the previous datasets (see details in the first part of Table 4.1)

as DCRS (CRS stands for Code Readability Survey) and the additional datasets (see details

in the second part of Table 4.1) as DOSS (OSS stands for Open Source Software Projects).

Note that in RQ1, RQ2, and RQ3, our evaluations use only DCRS for a fair comparison,

whereas both DCRS and DOSS are used in RQ4. To help mitigate the problem of over-fitting,

we perform 10-fold cross-validation in all RQs. The process is composed of five steps: 1)

randomly split the dataset into 10 approximately equal folds; 2) use one fold for testing

and the remaining folds for training; 3) classify each code snippet in the test set using the

model built on the training set; 4) repeat this process with each fold as the test fold in turn;

5) calculate the average accuracy of the model.

4.4.1 Research Question 1

RQ: Do different parameter settings affect the model performance?

In this RQ, we detail the tuning process with respect to each hyperparameter.

• Filter Size

The filter size corresponds to the identifiers k1× k2 (i.e., width×height) in Figure 4.4.

To investigate the effect of the filter size, we first fix the number of feature maps as a
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constant (here, 100). Considering that code readability is context sensitive (just like natural

language), we set the width k1 as the maximum line length, which varies by each ConvNet.

Following the approach given by Zhang et al. [117], we then fine-tune k2.

We begin by identifying the best single filter size. Specifically, we first select a finite set

of values for k2 and then evaluate each ConvNet’s performance regarding mean accuracy.

Note that we bias our selection to small values to capture low-level features and because the

average LOC in DCRS is not very large (see Table 4.1 for details). The results are presented

in Table 4.2. The best single filter sizes for ConvNetCR, ConvNetT R, and ConvNetNR are 2,

2, and 9, respectively.

Table 4.2: Effect of the Single Filter Size
Filter Size ConvNetCR ConvNetTR ConvNetNR

1 85.5% 77.3% 67.3%
2 85.8% 84.0% 58.8%
3 79.8% 76.0% 58.5%
4 83.0% 82.3% 64.0%
5 78.3% 80.5% 63.8%
6 75.8% 79.0% 66.5%
7 74.5% 78.0% 69.8%
8 76.0% 78.3% 67.3%
9 76.8% 80.5% 74.3%

10 76.5% 83.5% 72.5%

Next, we explore the effect of multiple filter sizes. As advised by Zhang et al. [117], we

choose a set of values near the best single filter size and then perform the same evaluations

as above. Table 4.3 demonstrates our selections and the corresponding results (the best

results are highlighted in bold). From Table 4.3, we decide to use (2,2,2), (2,2,2), and

(8,9,10) as the filter sizes for ConvNetCR, ConvNetT R, and ConvNetNR, respectively.

• Number of Feature Maps
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Table 4.3: Effect of the Multiple Filter Sizea

ConvNetCR ConvNetTR ConvNetNR

Filter Size Accuracy Filter Size Accuracy Filter Size Accuracy
— — — — (7,8,9) 69.5%

(1,2,3) 86.5% (1,2,3) 75.5% (8,9,10) 75.5%
(2,3,4) 81.5% (2,3,4) 80.0% (9,10,11) 74.5%
(2,2,2) 88.0% (2,2,2) 81.0% (9,9,9) 69.5%

aTo have ConvNets with identical architectures, we consider only the set of size three.

Based on the selected filter size, we now fine-tune the number of feature maps. Ac-

cording to Zhang et al. [117], the value to be evaluated should not exceed 600. A much

longer time is required to train the model if the number of feature maps grows beyond 600,

but the model performance improves only a little, so the process is not cost-effective. In

addition, the model performance may even worsen due to over-fitting. We thus comply

with their suggestions and consider the following values: {10,50,100,200,400,600}. The

mean accuracy is plotted in Figure 4.7 regarding each ConvNet. It can be observed that

100 is the optimal number of feature maps for ConvNetCR, ConvNetT R, and ConvNetNR.
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Figure 4.7: Effect of the Number of Feature Maps
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Taken together with Table 4.2, Table 4.3, and Figure 4.7, we notice that the model

performance varies on a small scale (less than 10 percentage points), which indicates that

our ConvNets are somewhat robust to different parameter settings.

4.4.2 Research Question 2

RQ: What is the benefit of the ensemble architecture?

We propose an ensemble architecture that integrates ConvNetCR, ConvNetT R, and

ConvNetNR. Because each ConvNet is constructed with a different view (see details in

Figure 4.2 and Figure 4.5), we expect the resulting model to be more generic and thus help

improve the classification performance.

We present the evaluation results in the first row of Table 4.4. It can be observed

that DeepCRM provides the best performance, with 83.8% accuracy and 83.5% f-measure,

which validates the effectiveness of our ensemble method. The last two rows of Table 4.4

are used to display the results of an exploratory experiment on DOSS. Further details are

provided in Section 4.5.

Table 4.4: Evaluation of the Ensemble Architecture
Dataset ConvNetCR ConvNetTR

Accuracy F-Measure Accuracy F-Measure
DCRS 82.3% 81.0% 77.3% 75.3%

DCRS + DOSS 88.9% 89.4% 74.3% 77.8%

Improvement 8.0% 10.4% -3.9% 3.3%

Dataset ConvNetNR DeepCRM
Accuracy F-Measure Accuracy F-Measure

DCRS 71.8% 70.9% 83.8% 83.5%
DCRS + DOSS 51.5% 54.8% 91.5% 91.7%
Improvement -28.3% -22.7% 9.2% 9.8%
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Note that the evaluations are conducted on a hold-out test set from DCRS, which has not

been used for hyperparameter optimization (RQ1). Therefore, the accuracy obtained here

is generally not equal to that in RQ1.

4.4.3 Research Question 3

RQ: How accurate is DeepCRM in code readability classification when compared to

traditional models?

The aim of this RQ is to determine the extent to which DeepCRM can predict human

readability judgments compared to previously reported models (i.e., MBuse, MPosnett , MDorn,

MScalabrino, and MAll). As shown in Figure 4.8, DeepCRM outperforms all competitors (the

improvement in accuracy ranges from 2.4% with respect to MAll to 17.2% with respect to

MPosnett).
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Figure 4.8: Comparison between DeepCRM and the Traditional Code Readability Models

In fact, the goal of this study is not to obtain a significant performance

gain/improvement, but rather to explore the potentiality of deep learning techniques in

the important task of code readability classification in a more automated fashion. Specif-

ically, our approach eliminates the need for manual feature engineering and can learn

various levels of features automatically from the source code. As a result, our approach
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provides a slightly improved performance against traditional models (or at the very least,

as good as traditional models), which confirms the promising future of applying deep

learning techniques to the field of code readability for automatic classification.

4.4.4 Research Question 4

RQ: What is the time and space cost of training the proposed ConvNets?

Training Deep Neural Networks usually consumes a considerable amount of resources.

However, most deep learning studies do not report their efforts [47]. To provide a refer-

ence for future studies, we explicitly recorded our time and memory space cost during the

training process. The results are given in Table 4.5.

Table 4.5: Average Time and Space Cost per Epocha

ConvNetCR ConvNetTR
Dataset Time Memory Time Memory

(Second) (MB) (Second) (MB)
DCRS 0.22 11.74 0.20 11.10

DCRS + DOSS 32.40 15.50 32.41 13.75

Ratio 144.85 1.32 163.20 1.24

ConvNetNR DeepCRM
Dataset Time Memory Time Memory

(Second) (MB) (Second) (MB)
DCRS 0.23 11.52 0.47 12.14

DCRS + DOSS 29.74 14.70 71.46 19.05

Ratio 129.97 1.28 152.14 1.57
aAn epoch is an iteration through the entire training set.

All of our experiments are conducted on a server with Intel Xeon CPU E5-4620 2.20

GHz (32 Cores), 128 GB RAM. As shown in Table 4.5, the memory space cost varies

within a small range (from 11.10 MB to 19.05 MB), mainly because the number of training



CHAPTER 4. DEEPCRM 80

instances used in one iteration (i.e., the batch size) is fixed. As for the time cost, training

on DCRS requires approximately 0.22 to 0.47 seconds for each epoch, whereas the value

increases to 29.74 to 71.46 seconds if we further introduce DOSS, the ratio reaches 129.97

to 163.20.

Admittedly, our approach has the downside of being time-consuming during the train-

ing process. However, once training is complete, our approach can be used directly at an

acceptably low time cost (the prediction time is less than 0.001 seconds for a new instance),

which confirms its practical applicability.

4.5 Exploratory Experiments

This section presents several exploratory experiments. Specifically, we first examine the

benefits of adopting a large training set (DOSS). Then we investigate whether the addition

of annotator information can further improve the accuracy of code readability classification.

Finally, we experiment with a different model architecture.

4.5.1 Exploratory Experiment 1

RQ: How much improvement can be expected from a large training set?

Convolutional Neural Networks (ConvNets) risk over-fitting if the training set is not

sufficiently large. To adequately train the proposed ConvNets, we collect more than 25,000

code snippets from open source software projects (see details in the second part of Ta-

ble 4.1). In this exploratory experiment, we evaluate whether training on the new dataset

(DOSS) can help improve the model performance.

We train ConvNetCR, ConvNetT R, ConvNetNR, and DeepCRM on DOSS, and compare

their performances with those trained using DCRS (the old dataset provided by previous
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code readability studies [17, 42, 99]). The evaluation results are presented in the last two

rows of Table 4.4. As shown, ConvNetCR and DeepCRM have better performance on DOSS

than on DCRS. The improvement in accuracy is 8.0% and 9.2%, respectively. ConvNetT R

yields comparable results, whereas the performance of ConvNetNR becomes much worse,

probably because ConvNetNR is trapped in a local optimum.15 We will further investigate

this problem in a future study.

In this exploratory experiment, we examine the benefits of adopting a large training set

(DOSS). Note that because DOSS has not been validated by human annotators, the current

results should be considered preliminary.

4.5.2 Exploratory Experiment 2

RQ: Does annotator information contribute to the model performance?

Label

(Readable or Unreadable)

Main Input

Offline Training

Training

Instances
Model

Readable

Data Collec!on (Code Readability Survey)

Unreadable

Code Corpus Human Annotators

Auxiliary Input

(Annotator Informa!on)

Data Preprocessing

Training

112,97,99,...

10,-1,-1,-1,...

105,109,...
……

Figure 4.9: An Auxiliary Input for Model Training

As shown in Figure 4.9, the result of a code readability survey is usually a set of code

snippets accompanied by readability scores, which serves as the main input for model train-

ing. Considering that the obtained mean-opinion-scores may not be equally reliable, we
15Another possibility is that node-level representation is still too abstract to preserve sufficient information

for code readability classification.
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propose to apply the information of human annotators as the auxiliary input to our model.

Although a variety of metrics can be considered, in this study we especially focus on the

following two:16 1) the number of annotators who have rated a code snippet (code snippets

that have been rated by more annotators are more reliable than those with less); 2) the stan-

dard deviation of readability scores on a code snippet (a lower standard deviation indicates

greater consistency among annotators).

Specifically, we examine whether there exists significant difference between the per-

formance of our model with and without annotator information using robust test statistics

recommended by Kitchenham et al. [59], i.e., the Brunner-Munzel test (significance level

α = 0.05) [16, 81] and Cliff’s Delta [24].

We observe that without annotator information, the proposed model is able to correctly

classify 80.19% of code snippets in our corpus. When annotator information is included,

the accuracy increases to 82.76%. The p-value for the Brunner-Munzel test is 0.016 (<0.05)

and the d-value for Cliff’s Delta is 0.641 (>0.474), implying a significant difference with a

large effect size.

This experiment is the first attempt to explore the impact of annotator information in

the context of code readability classification. However, we involve only two metrics. In

future work, we plan to examine additional factors, for instance, the annotators’ develop-

ment experience (the opinions of domain experts are more reliable than those of university

students).

4.5.3 Exploratory Experiment 3

RQ: Can the Inception architecture be used to improve the model performance?
16The main reason is that the information of human annotators has not been properly recorded by prior

work [17, 42, 99]. As a result, we have only limited data to work with.
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Inspired by GoogLeNet [107],17 we adapt the Inception architecture for code readabil-

ity classification. The primary reasons are as follows: 1) The Inception architecture is

proven to be effective in capturing multi-scale information from the input data; 2) When

building a ConvNet layer, there is a challenge of choosing either a convolution or a pooling

operation. The Inception architecture enables the simultaneous use of both.

Figure 4.10 illustrates the Inception module modified for the task of code readabil-

ity classification, which contains a set of convolutions and poolings alongside each other.

Specifically, we make two modifications based on Inception-v6 [106]. First, we apply the

same receptive field in each module for computational savings. We bias our selection to

minimal values (here, 2) to capture lower-level features. Second, because code readability

is context sensitive (just like natural language), the width of the filter size on top levels is

deliberately set as the maximum line length (MLL).

2x2
Conv

2x2
Pooling

Filter 
Concatena!on

2x2
Conv

Previous Layer

2xMLL
Conv

2x2
Conv

2xMLL
Conv2xMLL

Conv
2xMLL
Conv

Figure 4.10: A Modified Inception Module

In particular, the feature learning network consists of Inception modules, whereas the

classification network consists of fully-connected layers followed by a Softmax layer. To

introduce nonlinearity and accelerate the training process, ReLU (Rectified Linear Unit)

17GoogLeNet is a deep ConvNet constructed by stacking Inception modules.
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activation and batch normalization are applied after each convolutional layer. In addition,

we involve the dropout strategy to reduce over-fitting, which randomly disables neurons

during the learning phase.

To evaluate the efficacy of the Inception architecture, we compare our model with five

state-of-the-art code readability models (i.e., MBuse, MPosnett , MDorn, MScalabrino, and MAll).

We apply different machine learning techniques as the underlying classifier for each model,

namely Logistic Regression (LR), Bayesian Network (BN), Multilayer Perception (MLP),

Sequential Minimal Optimization (SMO), and Random Forest (RF).

The accuracy achieved by each model on three publicly available datasets is provided

in Table 4.6. The results show that the Inception architecture-based model yields higher

accuracy against its competitors across all datasets.

4.6 Discussion

In this section, we discuss the advantages and disadvantages of applying deep learning

techniques to the field of code readability classification. Then we describe the potential

threats to the validity of our results.

4.6.1 Advantages and Disadvantages of Deep Learning

The experimental results show that the proposed ConvNets perform better than the tradi-

tional models [17, 42, 89, 99] for code readability classification (the improvement in accu-

racy ranges from 2.4% to 17.2%). In this section, we discuss why our approach achieves

the best performance.

• First, we eliminated the need for manual feature engineering. Inspired by image

recognition, we treat a source code as a matrix of symbols and leverage ConvNets
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Table 4.6: Accuracy Achieved by Code Readability Models
Model DBuse DDorn DScalabrino

LR 0.810 0.786 0.705
BN 0.760 0.750 0.625

MBuse MLP 0.760 0.742 0.665
SMO 0.820 0.797 0.670
RF 0.800 0.781 0.680
LR 0.780 0.728 0.660
BN 0.760 0.681 0.695

MPosnett MLP 0.770 0.703 0.655
SMO 0.770 0.711 0.680
RF 0.770 0.703 0.605
LR 0.800 0.800 0.755
BN 0.670 0.747 0.640

MDorn MLP 0.720 0.725 0.685
SMO 0.770 0.767 0.725
RF 0.750 0.744 0.690
LR 0.740 0.772 0.680
BN 0.530 0.681 0.640

MScalabrino MLP 0.770 0.742 0.665
SMO 0.720 0.717 0.650
RF 0.720 0.742 0.655
LR 0.790 0.839 0.795
BN 0.720 0.761 0.710

MAll MLP 0.730 0.778 0.700
SMO 0.810 0.806 0.770
RF 0.770 0.789 0.690

An Inception Architecture-Based Model 0.825 0.842 0.822

to automatically learn features directly from the input data. Our approach has the

advantage of requiring no human intervention and thus can effectively avoid personal

biases and neglects of certain features.
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• Second, we proposed a representation strategy (with different granularities) to pre-

serve the source code’s original information. Despite little tuning of the hyperparam-

eters, a simple ConvNet can achieve fairly good results based on the resulting integer

matrices (RQ1 and RQ2).

• Third, we integrated multiple ConvNets with an ensemble architecture to improve

model generality and applicability. The experimental results show that the ensem-

ble model can surpass the state-of-the-art, achieving 83.8% accuracy and 83.5% f-

measure (RQ2 and RQ3).

• Finally, a new dataset with more than 25,000 code snippets was used to fully train the

proposed ConvNets. We observe further improvements by about 9.2% in accuracy

and 9.8% in f-measure (The exploratory experiment presented in Section 4.5).

By eliminating the need for manual feature engineering (one of the most time-

consuming parts of traditional machine learning), our approach provides improved per-

formance, confirming the feasibility of deep learning techniques for code readability clas-

sification. Although deep learning is an important area of research with many promising

applications, several drawbacks and limitations accompany its use.

• Data Dependency: Deep learning requires a large corpus of data with which to work,

which may not always be available. Without large, well-maintained datasets, deep

learning may only be able to yield results comparable to those of traditional machine

learning (RQ3).

• Time Cost: Because deep learning inherently involves a large amount of matrix

multiplication operations (e.g., Equation 4.1 and Equation 4.4), the training of Deep

Neural Networks is usually computationally expensive (RQ4). This leads to the next

disadvantage.
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• Hardware Dependency: Unlike traditional machine learning, deep learning is quite

resource-demanding and depends heavily on high-performance machines (preferably

with powerful GPUs).

• Model Interpretability: Deep learning is in principle a black-box approach. Unlike

traditional machine learning (e.g., decision trees), deep learning is incapable of ex-

plaining why a certain decision has been reached. In other words, we cannot map

decisions back to individual features.

Although deep learning has achieved impressive (and often state-of-the-art) results in

multiple domains, it is certainly not flawless. The caveat is that deep learning should not

be applied to all possible applications without weighing its pros and cons.

4.6.2 Threats to Validity

In this section, we describe a number of issues that affect the validity of our work.

4.6.2.1 Internal Validity

• Data Quality

The most obvious threat is the quality of the training data. If the data is prone to

errors, then it will be reflected in our results. Broadly, we have two data sources. A minor

part of our dataset (approximately 0.4%) comes from previous code readability studies

[17, 42, 99], and the rest is taken from open source software projects. We outline the

possible threats subject to each data source.

To abstract people’s perceptions of whether a source code is readable, the most fre-

quently used method is to conduct a survey. During the survey process, participants are
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required to rate a number of code snippets based on their knowledge and experience. Con-

sidering that the process in itself is neither amusing nor rewarding, it is possible that the

participants will feel little motivation to contribute, resulting in negative behaviors such

as random responses [43], which can significantly affect the quality of the survey data.

In addition, most participants involved in code readability surveys are students with less

programming experience than industrial practitioners. Although the use of college stu-

dents imposes some limits on data validity, it is not believed that the overall results are

skewed. Moreover, prior work has validated their datasets with inter-rater reliability tests

(i.e., Cronbach’s alpha [27]). Considering the positive results (e.g., 0.96 for DBuse and 0.98

for DScalabrino), we regard these datasets as the reliable oracle.

Given that the literature contains only a few human-annotated code snippets, which

may not be sufficient to train the proposed ConvNets, we turn to open source Java projects.

Although we sampled projects of various sizes and from various communities, they cannot

represent all software projects. Additionally, we biased our selection to popular projects to

ensure the size of the dataset. It is possible that other open source (or industrial) projects

could yield different conclusions. Besides, we used automated tools to roughly classify the

code snippets. Although our approach is defensible, further study is needed to justify the

new dataset.

• Sample Size

Another limitation is that when addressing RQ1, RQ2, and RQ3, we use only DCRS

rather than DCRS +DOSS for two primary reasons. First, to achieve a fair comparison, our

ConvNets must be trained on the same dataset as in the previous studies. Second, the quality

of DCRS, but not DOSS, has been validated by human annotators.18 However, the sample

size of DCRS is admittedly small, which may threaten the internal validity of our results.

18Accordingly, DOSS has only been used in RQ4 for a tentative exploration.
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Given that the proposed ConvNets can provide consistently high and stable performance,

we consider the use of DCRS in RQ1, RQ2, and RQ3 to be acceptable and feasible.

4.6.2.2 Construct Validity

In our experiments, we mainly use accuracy and f-measure to evaluate the effectiveness of

the proposed model. However, other performance measures such as precision, recall, and

AUC (Area Under the ROC Curve) can also be considered. We leave this for future studies.



Chapter 5

Conclusions and Future Work

This thesis has been devoted to the study of code readability by using several latest tech-

niques. In this chapter, we summarize our main contributions and discuss some promising

future directions.

5.1 Summary

In this thesis, we first presented the design, implementation, and evaluation of GamiCRS

in Chapter 3, which is a novel system that incorporates gamification techniques and infras-

tructure into the context of code readability survey. Specifically, we made the following

main contributions:

• A reusable gamification system is proposed to enhance code readability survey

(GamiCRS), which is well-founded in Self-Determination Theory and User-Centered

Design. To the best of our knowledge, this is the first work giving careful considera-

tion to participants’ needs and goals when engaging in a survey process.

90
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• A large-scale field experiment is performed to validate the practical feasibility of

GamiCRS and help to delineate future working directions. A questionnaire approach

is utilized to investigate participants’ impressions and attitudes toward the acceptance

of GamiCRS. The empirical analysis shows that GamiCRS is effective for improving

user experience and data quality.

GamiCRS can help researchers overcome the complexities of gamification design and

implementation. Also, it provides a relaxing and rewarding survey experience for partici-

pants. We hope that our study can interest and encourage further research regarding gam-

ification, which we believe is a promising methodology for changing behavioral patterns

and for supporting a wide field of possible applications in software engineering research.

After that, we introduced a completely new method for code readability classification

based on Convolutional Neural Networks (ConvNets) in Chapter 4. We first proposed a

simple and customizable representation strategy (with different granularities) to transform

source codes into integer matrices as the input to ConvNets. We then implemented Deep-

CRM, a novel code readability model consisting of three separate ConvNets with identical

architectures. Our approach is able to learn various levels of features automatically from

the source code. To evaluate DeepCRM, we conducted a series of experiments. The results

show that DeepCRM can outperform state-of-the-art models (i.e., the models of Buse et al.

[17], Posnett et al. [89], Dorn et al. [42], and Scalabrino et al. [99] and A Comprehensive

Model [99]). The improvement in accuracy ranges from 2.4% to 17.2%.

Our work serves as the first step toward deep learning-based code readability classifica-

tion. We hope that the promising results will interest and encourage more in-depth research

in this new field.
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To enable critical or extended analyses, our dataset and source code are publicly avail-

able.1 Specifically, we have published two folders. The folder Code Snippet Repository

contains only DOSS (the new datasets retrieved from open source Java projects), while DCRS

(the old datasets provided by previous code readability studies) has been available online

for public use (please refer to [17, 42, 99]). The folder Source Code contains Python pro-

grams we have developed, which can be used to: 1) count the number of rule violations for

code snippets; 2) transform code snippets into integer matrices according to the specified

granularity (i.e., Character-Level, Token-Level, or Node-Level Representation).

5.2 Future Work

There are several directions for future research. The top priority is to further improve the

model performance.2 To achieve this, we can fine-tune model hyperparameters (e.g., filter

size and dropout rate), experiment with different configurations (e.g., different optimizers

and loss functions), or attempt a different model architecture. Given that the data quality

can significantly affect the model quality, we also plan to construct a better training set with

more reliable data (i.e., human-annotated code snippets), which can hopefully improve our

results. Another option is to optimize the strategy used to represent the source code, which

is one of the major challenges in deep learning-based program analyses.

In addition, existing studies (including our own) tend to classify a piece of source code

as either readable or unreadable. However, readability is not necessarily a binary decision.

In the future, we plan to investigate the possibility of measuring code readability in terms

of continuous values to make the output more precise and interpretable (just like Reading

Grade Level for natural languages [45]).

1https://github.com/CityU-QingMi/DeepCRM
2The model performance here refers to not only accuracy but also robustness, reliability, generality, etc.

https://github.com/CityU-QingMi/DeepCRM
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In this study, we treat a code snippet (a separate file) as an atomic unit for code read-

ability classification, which may be somewhat coarse-grained. We expect that in future our

approach can precisely locate unreadable regions rather than forcing users to search through

the entire file. This drawback actually applies to all existing code readability studies.

Currently, our approach allows only Java code. We intend to extend it to other program-

ming languages. We consider the plan to be feasible because the only language-dependent

part is the lexical analysis process presented in Figure 4.2. All remaining steps are adapt-

able with slight adjustments.

Additionally, there is a need to find out what exact factors make a code more or less

readable. We plan to further explore this open question with the help of eye tracking tech-

nologies. Once completed, we are able to provide targeted suggestions to developers on

how to improve their code.

A Classification Result

A Crowdsourcing Feedback

A Code Snippet

Labeled Data

DeepCRM

GamiCRS

Labeled Data

DeepCRM

GamiCRS

Figure 5.1: A Novel Framework for Code Readability Classification

Another direction for future work is to apply the proposed model in a real-world situa-

tion. For instance, we can integrate DeepCRM into modern IDEs (Integrated Development

Environments) or version control systems to enable developers to continually monitor the
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readability of their code. Moreover, we intend to combine DeepCRM with GamiCRS. As

shown in Figure 5.1, after uploading a code snippet, users of GamiCRS can receive: 1) a

crowdsourcing feedback from GamiCRS; 2) a classification result from DeepCRM. On the

other hand, DeepCRM, in turn, can be fine-tuned using data collected from GamiCRS.



Appendix A

Acronyms And Abbreviations

(Listed in alphabetical order)

AST Abstract Syntax Tree

ATGDE Attitude Toward Game Design Elements

AUC Area Under the ROC (Receiver Operating Characteristic) Curve

BN Bayesian Network

ConvNet Convolutional Neural Network

CR Character-Level Representation

CRS Code Readability Survey

GDE Game Design Element

IDE Integrated Development Environment

LR Logistic Regression

MLL Maximum Line Length

MLP Multilayer Perception
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NASA-TLX NASA Task Load Index

NR Node-Level Representation

OSS Open Source Software Project

PBL Points, Badges, and Leaderboards

PEOU Perceived Ease of Use

PFM Programming Format Metrics

PLM Programming Language Metrics

PRM Programming Readability Metrics

PU Perceived Usefulness

ReLU Rectified Linear Unit

RF Random Forest

SDT Self-Determination Theory

SE Software Engineering

SLOC Source Lines of Code

SMO Sequential Minimal Optimization

TAM Technology Acceptance Model

TR Token-Level Representation

US User Satisfaction



Appendix B

Using Eye Tracking Technology to

Analyze the Impact of Stylistic

Inconsistency on Code Readability

As no conclusive evidence in literature has shown that how and to what extent stylistic in-

consistency degrades code readability, we carefully plan a controlled experiment to bridge

this research gap, in which eye tracking technology is introduced to capture participants’

cognitive responses and mental processes. We believe that our results will be beneficial for

both researchers and practitioners to better understand the stylistic inconsistency issue, and

take further actions to improve code readability as the ultimate goal.
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B.1 Context and Problem Statement

Programming style can be viewed as a kind of personal preferences when writing the source

code, which commonly relates to the program’s visual appearance (e.g., naming of vari-

ables, how and when to use comments, indentation, and alignment). Due to different expe-

riences and personalities, developers usually have their very own programming styles, yet

these individually preferred programming styles may well conflict with each other. When

collaborating, it is highly likely to degrade the readability and maintainability of the source

code being produced. The problem is referred to as stylistic inconsistency in our previous

research [75].

A number of research efforts have focused in the area of programming style. However,

to the best of our knowledge, there is little sound and solid evidence of how and to what

extent can stylistic inconsistency impact the readability and maintainability of the source

code, which is the fundamental problem that should be resolved first in this context. Thus,

we carefully plan an empirical experiment with which to bridge the research gap. The

expected contribution of our work is two-fold:

• Provide solid evidence of the impact of stylistic inconsistency on source code com-

prehension.

• Present a useful and reusable research framework for analyzing the influences differ-

ent stylistic factors have upon code readability.

To accurately reflect developers’ cognitive efforts required to read and understand a

given program, we introduce eye tracking technology to capture ocular indices (e.g., gaze

position and pupil size) as objective measurements. Basically, eye movements can be char-

acterized as a sequence of fixations and saccades.
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• Fixation: a spatially stable gaze on an object of interest that lasts for a certain period

of time. The information acquisition and processing mainly occurs during fixations,

which is the most relevant index to our experiment.

• Saccade: a quick and simultaneous movement of both eyes from one location to

another.

Eye tracking technology is an affordable and easy-to-use approach enabling us to iden-

tify what a developer is indeed viewing, for how long, and in what order, which already has

broad applications in the domain of usability evaluation, cognitive interface design, and so

forth. However, there are only a few studies introduce eye tracking techniques and tools

into the context of software engineering research. Rodeghero et al. [91] presented a novel

tool for source code summarization based on the findings of eye tracking study. Fritz et

al. [46, 79] investigated how biometric sensors (i.e., eye tracking, EDA, and EEG) can be

used to measure developers’ perceived difficulty while working on a change task. Con-

sidering their success, we employ eye tracking technology in this study. The fine-grained

measurements can establish effective relations between cognitive processes and program

comprehension, which provide more credible evidence for our analysis as compared to the

tradition techniques such as survey and think-aloud strategy.

B.2 Proposed Approach

In this section, we present a detailed description of the controlled experiment, which is

designed to empirically investigate the impact of stylistic inconsistency on code readability.
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class Task {

public:

Task(int* src, int len) : src_(src), len_(len) {

}

int process_data(int key) {

int left = 0, right = len_ - 1, middle;

while (left <= right) {

middle = (left + right) / 2;

if (key == src_[middle]) {

return middle;

}

else if (key < src_[middle]) {

right = middle - 1;

}

else if (key > src_[middle]) {

left = middle + 1;

}

}

return -1;

}

private:

int* src_;

int len_;

};
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(a) Google Style Guides

class CTask

{

public:

CTask(int* pSrc, int nLen) : m_pSrc(pSrc), m_nLen(nLen)

{

}

int ProcessData(int nKey)

{

int nLeft = 0, nRight = m_nLen - 1, nMiddle;

while (nLeft <= nRight)

{

nMiddle = (nLeft + nRight) / 2;

if (nKey == m_pSrc[nMiddle])

{

return nMiddle;

}

else if(nKey < m_pSrc[nMiddle])

{

nRight = nMiddle - 1;

}

else if(nKey > m_pSrc[nMiddle])

{

nLeft = nMiddle + 1;

}

}

return -1;

}

private:

int* m_pSrc;

int m_nLen;

};
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(b) Windows Coding Style Conventions

Figure B.1: Style Variations
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B.2.1 Independent Variables

The primary independent variable in our experiment is the presence or absence of stylistic

inconsistency. Note that programming style is essentially a multifaceted concept [75]. In

this study, we focus solely on typographic characteristics that represent the physical layout

of the source code (e.g., indentation, alignment, and spacing).

Figure B.1 serves as a visual demonstration of the primary independent variable, which

depicts the variations of typographic style on a given algorithm. The code snippets in Fig-

ure B.1a and Figure B.1b conform to Google Style Guides1 and Windows Coding Style

Conventions2, respectively. Note that the two programs are lexically similar but quite dif-

ferent in format.

B.2.2 Dependent Variables

As is shown in Table B.1, a group of subjective and objective measurements is proposed

to represent code readability, which is the primary dependent variable in this study. In

addition to the traditional measurements (e.g., NASA-TLX) that have been widely used

in cognitive research, we introduce a novel variable, namely, visual effort. The general

consensus is that ocular indices could effectively reflect individuals’ cognitive responses

and mental processes when solving a given task.

B.2.3 Secondary Variables

Secondary variables are a special type of independent variables that may affect the relation-

ship between the primary independent variables and the dependent variables. In this study,

we consider the following secondary variables:

1https://github.com/google/styleguide
2https://msdn.microsoft.com/en-us/library/windows/desktop/aa378932(v=vs.85).aspx

https://github.com/google/styleguide
https://msdn.microsoft.com/en-us/library/windows/desktop/aa378932(v=vs.85).aspx
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• Development Experience: the level of professionalism. The two possible values

are expert and novice according to the number of years involved in programming

activity.

• Style Preference: the preference of programming style, which is used to determine

if familiarity with a particular programming style has an effect on experimental re-

sults. The three possible values are Google Style Guides, Windows Coding Style

Conventions, and no preference.

B.2.4 Hypothesis

We then generate null hypothesis according to our research objective in a parameterized

form [105].

H0: There is no significant difference in X between different Y when performing com-

prehension tasks, where X is one of the dependent variables (i.e., self-report effort, com-

prehension test, and visual effort), and Y is one of the independent variables (i.e., stylistic

inconsistency, development experience, and style preference).

By replacing the parameters, we can obtain the corresponding null hypothesis. For

instance, H0: There is no significant difference in Visual Effort between different Style

Inconsistency when performing comprehension tasks.

B.2.5 Stimuli and Task Design

The stimuli shown to the participants are a series of code snippets conforming to different

programming styles, such as those shown in Figure B.1. As we focus solely on typographic

variations, all other respects are deliberately made equal.
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To avoid the carryover effects, we carefully plan a between-subjects design. All partic-

ipants are evenly divided into two groups. In the Control Group, participants come to a set

of code snippets with a consistent programming style, whereas in the Treatment Group, the

code snippets alternate with different programming styles to simulate a scenario of stylistic

inconsistency. The primary task for participants is to answer the questions accompanied

by each code snippet. To alleviate the learning burden, each task is designed to take only a

short time (e.g., 1-2 minutes) to complete.

B.2.6 Experimental Procedure

Referring to previous studies (including but not limited to [46, 91]), the procedure of our

experiment is designed as follows:

1. Participants are expected to sign an informed consent form.

2. Calibrate eye tracker (i.e., the device used to track eye movement in an unobtrusive

way) for each participant due to varying eye characteristics.

3. The experimental procedure and main tasks are introduced to participants, but not

the true objective. Also, participants are told that they are free to withdraw from the

experiment at any time they want.

4. A pilot experiment is performed to familiarize participants with the equipment and

the corresponding workflow. The data obtained in this stage will be discarded without

any analysis.

5. In order to guarantee a consistent performance, participants are required to rest 1-2

minutes at intervals for relaxation.
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6. For each task, participants are instructed to view a certain code snippet, and then

complete a post-hoc comprehension test that consists of 1-2 objective questions. Both

the code snippet and the questions are displayed on one screen. Eye movement data

is implicitly captured as the participants solving the given task.

7. After each task, participants are required to report their comprehension effort using

NASA-TLX.

8. A post-experiment questionnaire is conducted to collect the participants’ demograph-

ics (e.g., age, gender, ethnicity, education, development experience, and style prefer-

ence).

During the entire experimental procedure, stage 5-7 may appear several times sequen-

tially.



Appendix C

Stylistic Fingerprinting

C.1 Context and Problem Statement

Programming Style can be viewed as a kind of personal habits when writing the source

code, which reflects individual’s preferences in terms of physical layout (e.g., alignment

and indentation), data structure, algorithm, etc. It tends to become ingrained, which is

highly identifiable but difficult to quantify and measure. Although many software engi-

neering methodologies and guidelines are provided, it is common that developers apply

their very own programming styles to the source code being produced. These individually

preferred programming styles are more comprehensive for themselves, but may well con-

flict with each other. Thus, the problem of stylistic inconsistency is inevitable during the

software development process involving multiple developers, the result is undesirable and

that will significantly degrade program readability and maintainability.

A considerable number of previous studies have focused in the area of programming

style. For instance, investigating the impact of stylistic variants on program comprehension

[11, 76], or coding style-based plagiarism detection [3]. However, there is little focus on
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the measurement of stylistic inconsistency. In order to assist practitioners to better under-

stand the inconsistency degree of programming styles within a software project team, we

perform an empirical analysis in this study. Specifically, we propose stylistic fingerprints,

which are represented as a set of attribute-counting-metrics, in an attempt to characterize

different programming styles. Then we adopt the hierarchical agglomerative clustering

(HAC) technique to quantitatively measuring the proximity of programming style based on

six C/C++ open source projects chosen from different application domains.

The empirical results demonstrate the feasibility and validity of our fingerprinting

methodology. Moreover, the proposed clustering procedure utilizing HAC algorithm with

dendrograms is capable of effectively illustrating the inconsistency degree of programming

style among source files, which is significant for future research.

C.2 A Taxonomy for Stylistic Metrics

Programming style is an intuitive concept, which is difficult to define and measure. Al-

though the stylistic features of source code are less flexible as compared to, for instance,

handwriting or literary writing, due to limited keywords and structured format, there is still

enough room for developers to establish their own distinctive styles.

Inspired by the work of Krsul et al. [61] and Avgustinov et al. [5], we adopt the concept

of fingerprints to characterize different programming styles. A collection of potentially

useful metrics is presented in Table C.1 as components to construct stylistic fingerprints as

the basis for further analysis.

Considering the large number of stylistic metrics involved in this study, we first propose

a classification methodology based on the work from Oman et al. [86, 87] and Krsul et al.

[61].
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• Programming Format Metrics (PFM)

Metrics fall into this category are mainly related to the format (e.g., indentation,

alignment and spacing) of the source code. It is necessary for developers to maintain

a clear and easy-to-understand physical layout making use of white-space characters

(e.g., space, tab, linefeed and carriage return). However, the way the white-space

characters being used in the source code is quite different. Note that all metrics in

this category could be easily changed by the use of formatting tools (e.g., Pretty

Printer1 and Artistic Style2). Although fragile to some extent, the format is still a

distinctive characteristic in terms of measuring stylistic inconsistency.

• Programming Readability Metrics (PRM)

This kind of metrics is used to represent the degree of program readability, which

has no impact on functionality and efficiency of the source code. In this category, we

include such metrics as the ones that measuring naming preference, the proportion of

comments and line length. These metrics still closely pertaining to the layout of the

source code, but are relatively difficult to change by automatic formatting tools.

• Programming Language Metrics (PLM)

Slightly different from the classification as given in Krsul’s study [61], this category

is designed to involve metrics that are highly correlated with the way developers

prefer to implement a particular functionality. For instance, metrics reflecting one’s

preference of either for, while or do-while loops. It should be noticed that metrics

fall into this category may vary considerably when applied to other programming

languages.

1http://prettyprinter.de
2http://astyle.sourceforge.net

http://prettyprinter.de
http://astyle.sourceforge.net
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In conclusion, PFM purely correspond to white-space characters that represent hori-

zontal or vertical space in typography. PRM would not be affected by the use of formatting

tools on the source code being analyzed. Both of above-mentioned metrics pertain only

to physical layout, which is considered highly influential in viewer’s first impression of

the program. On the other hand, PLM characterize the way the implementation of certain

functionality.

Note that our taxonomy is proposed to provide a clear framework to better assist the

further analysis. We do not claim it is flawless. There may be some overlap among the

three categories or disagreements about the placement of specific metrics.

C.3 Stylistic Metrics Considered in This Study

A wide variety of previous studies (including but not limited to [8, 39, 61, 87, 90]) influence

our choice of stylistic metrics, among which the metrics proposed by Krsul et al. [61] for

C programs and Ding et al. [39] for Java programs are the primary ones. Nonetheless,

metrics used by those work may be ambiguous, contradictory, even outdated. By reference

to those studies, we refine and present a total of 60 metrics in Table C.1 as components to

construct stylistic fingerprints for characterizing different programming styles.

To extract these metrics, we develop a Python program (available on-line3) on the ba-

sis of cpplint, which is an open source lint-like tool released by Google. CSV-formatted

datasets are automatically generated after scanning all the source files involved in the soft-

ware projects.

3https://github.com/robertyuyang/StylisticFingerprinting

https://github.com/robertyuyang/StylisticFingerprinting
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Table C.1: Stylistic Metrics Adopted in Our Previous Work [75]
Dimension Metric Description

Programming PFM01 Percentage of open curly brackets ({) that are alone in a line.
Format
Metrics

PFM02 Percentage of open curly brackets ({) that are the first character in a
line.

(PFM) PFM03 Percentage of open curly brackets ({) that are the last character in a
line.

PFM04 Percentage of open curly brackets ({) that are in the middle of a
line.

PFM05 Percentage of close curly brackets (}) that are alone in a line.
PFM06 Percentage of close curly brackets (}) that are the first character in a

line.
PFM07 Percentage of close curly brackets (}) that are the last character in a

line.
PFM08 Percentage of close curly brackets (}) that are in the middle of a

line.
PFM09 Percentage of functions with blank line(s) before close curly

brackets (}).
PFM10 Average white spaces or horizontal tabs to the left side of

assignment operators.
PFM11 Average white spaces or horizontal tabs to the right side of

assignment operators.
PFM12 Average white spaces or horizontal tabs after // or /* symbol.
PFM13 Percentage of SLOCa without indentation.
PFM14 Percentage of SLOC with white spaces for indentation.
PFM15 Percentage of SLOC with horizontal tabs for indentation.

Programming PRM01 Whether the Copyright message appears at the top of the file.
Readability

Metrics
PRM02 The ratio of the number of blank lines to the number of non-blank

lines.
(PRM) PRM03 The ratio of the number of comment lines to the number of

non-commentary lines (i.e., pure code lines).
PRM04 The ratio of the number of pure comment lines to the number of

comment lines.
PRM05 The ratio of the number of code lines with inline comments to the

number of comment lines.
PRM06 The ratio of the number of single-line comments (// symbol) to the

number of SLOC.
PRM07 The ratio of the number of multi-line comments (/* and */ pair of

symbols) to the number of cal SLOC.
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Table C.1 Continued
Dimension Metric Description

Programming
Readability

PRM08 The ratio of the number of TODO comments to the number of
non-blank lines.

Metrics PRM09 Percentage of uppercase characters for function name.
(PRM) PRM10 Percentage of lowercase characters for function name.

PRM11 Percentage of number characters for function name.
PRM12 Percentage of underscores characters for function name.
PRM13 Percentage of uppercase characters for variable name.
PRM14 Percentage of lowercase characters for variable name.
PRM15 Percentage of number characters for variable name.
PRM16 Percentage of underscores characters for variable name.
PRM17 Average function name length.
PRM18 Average variable name length.
PRM19 Average SLOC per function.
PRM20 Average line length of SLOC.

Programming PLM01 Percentage of for in total of for, while and do-while loops.
Language PLM02 Percentage of while in total of for, while and do-while loops.
Metrics PLM03 Percentage of do-while in total of for, while and do-while loops.
(PLM) PLM04 Percentage of if-else in total of if-else and switch-case branches.

PLM05 Percentage of switch-case in total of if-else and switch-case
branches.

PLM06 The ratio of the number of keyword struct to the number of SLOC.
PLM07 The ratio of the number of keyword typedef to the number of

SLOC.
PLM08 The ratio of the number of keyword namespace to the number of

SLOC.
PLM09 The ratio of the number of keyword using to the number of SLOC.
PLM10 The ratio of the number of keyword goto to the number of SLOC.
PLM11 The ratio of the number of keyword const to the number of SLOC.
PLM12 The ratio of the number of keyword templated to the number of

SLOC.
PLM13 The ratio of the number of keyword operatord to the number of

SLOC.
PLM14 The ratio of the number of keyword tryd to the number of SLOC.
PLM15 The ratio of the number of keyword catchd to the number of SLOC.
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Table C.1 Continued
Dimension Metric Description

Programming PLM16 The ratio of the number of keyword throwd to the number of SLOC.
Language
Metrics

PLM17 The ratio of the number of keyword explicitd to the number of
SLOC.

(PLM) PLM18 The ratio of the number of keyword mutabled to the number of
SLOC.

PLM19 The ratio of the number of keyword volatiled to the number of
SLOC.

PLM20 The ratio of the number of casting operatorsde to the number of
SLOC.

PLM21 The ratio of the number of keyword autod f to the number of SLOC.
PLM22 The ratio of the number of keyword constexprd f to the number of

SLOC.
PLM23 The ratio of the number of keyword nullptrd f to the number of

SLOC.
PLM24 The ratio of the number of keyword static_assertd f to the number of

SLOC.
PLM25 Whether the Rvalue referenced f appears in the parameter passing.

a SLOC (Source Lines of Code) is a count of lines in the text of source code excluding blank and pure comment lines.
bhttp://en.cppreference.com/w/c/keyword
chttp://en.cppreference.com/w/cpp/keyword
dOnly exists in C++ but not C programming language.
eThe casting operators included in this study are: dynamic_cast, static_cast, const_cast and reinterpret_cast.
f Since C++11.

http://en.cppreference.com/w/c/keyword
http://en.cppreference.com/w/cpp/keyword
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Post-Experiment Questionnaire 
Thank you very much for participating in our code readability survey (http://gamicrs.cs.cityu.edu.hk/). We 

would like to ask you a few questions. Your support and cooperation would be greatly appreciated! 

 

What is your age? ________ 

What is your gender? Male____ Female____ 

How many years of Java development experience do you have? ________ 

Have you been part of a similar survey before? Yes____ No____ 

 

To what extent do you disagree/agree with the following statements? 

1 = Strongly Disagree 

2 = Disagree 

3 = Neither Agree nor Disagree 

4 = Agree 

5 = Strongly Agree 

Perceived Ease of Use 1 2 3 4 5 

Learning to use GamiCRS does not require a lot of mental effort.      

It is easy for me to become skillful at using GamiCRS.      

My interaction with GamiCRS is clear and understandable.      

Overall, I find GamiCRS easy to use.      

Perceived Usefulness 1 2 3 4 5 

I would like to receive judgements from others on whether my source code is 

readable or not. 
     

GamiCRS helps me to better understand the importance of code readability.      

GamiCRS promotes me to write more readable code.      

Overall, I find GamiCRS useful.      

User Satisfaction 1 2 3 4 5 

I find the user interfaces in GamiCRS are attractive.      

I have fun using GamiCRS.      

I have a generally favorable attitude toward using GamiCRS.      

Intention to Use 1 2 3 4 5 

I would like to use GamiCRS once again.      

 

If you have points, badges, and leaderboards on your page, please answer the following questions. If not, 

please leave them blank. 

Attitude Toward Game Design Elements 1 2 3 4 5 

The point system in GamiCRS motivates me to participate more than usual.      

The badge system in GamiCRS motivates me to participate more than usual.      

The leaderboard system in GamiCRS motivates me to participate more than usual.      

Overall, I find the various game design elements in GamiCRS are well integrated.      

 

Any other feedback? 

 

 

 

 

 

Thank you for completing this questionnaire! 
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