Understanding User Cognition: from Everyday Behavior and
Spatial Ability to Code Writing and Review
Ph.D. Dissertation Proposal
Yu Huang (yhhy@umich.edu)
Dec 11, 2019
Overview. We propose using objective measures to provide a systematic solution to understand user
cognition in programming activities. We focus on understanding the mental status, role of spatial ability,
fundamental processes and stereotypical associations in certain software engineering activities by combining
mobile crowdsensing, medical imaging, and eye tracking.
Intellectual Merit. This thesis addresses how we can meaningfully and objectively measure cognitive
processes in software engineering. We propose to use mobile crowdsensing, medical imaging and eye tracking
to answer questions such as: How can we monitor humans’ mental status from their natural daily work
and life settings? Does the brain treat manipulating data structures like rotating 3D objects? How do
difficulty levels of programming tasks affect cognitive load? Is creative coding like creative writing? How do
cognitive biases affect the code review process? We improve on previous approaches that used subjective selfreporting, studied activity sub-steps, or restricted attention to homogeneous groups by proposing a solution
that uses objective measures, provides a fundamental understanding, studies higher-level tasks,
and generalizes across users and populations. We thus propose four research efforts:
• Monitoring Mental Status in Natural Settings. We propose to design a cross-platform mobile
application, Sensus, and a mental health monitoring framework to examine the link between users’
behavior and mental health status under different social contexts.
• Understanding the Relationship between Data Structure Manipulation and Spatial Ability. We propose to use two medical imaging modalities to compare the brain activities of spatial
ability and data structure tasks. We will also compare the trade offs between different medical imaging
modalities.
• Comparing Code Writing and Prose Writing. We propose to use medical imaging techniques
to understand the cognitive processes underlying code writing and to use prose writing as a baseline
to ground the results. We will design a bespoke magnet-safe keyboard to allow typing and editing in
medical imaging devices.
• Investigating Bias in Code Reviews. We propose to combine medical imaging and eye tracking
techniques to investigate the effects of stereotypical associations (bias) in code reviews. We will focus
on the effect of author identity. We will use code reviews (pull requests) from open source projects
with a controlled relabeling author information.
Broader Impact. The potential broader impact of this proposal occurs at different time frames. Short
term. All the medical imaging and behavioral data will be de-identified and released publicly for replication
research. Our mobile application can be used in a wide range of human subject studies. Our findings
from the proposed research components can help monitor the mental health status (thus help professionals
intervene with potential severe mental issues) and help computer science educators develop more efficient
strategies. Medium term. PI Huang is involved in the proposal writing, organization, and data collection
for two successfully-funded Rackham Faculty Allies and Student Ally Diversity Grants. This activity brings
in external speakers for student-focused colloquia and meetings to educate students about underrepresented
career goals and research options. Long term. Human studies with objective measures based on mobile
crowdsensing can enrich the research options for researchers with interest in human behaviors in natural
settings. While medical imaging research in computer science has the potential to augment unreliable
self-reporting, guide pedagogy and technology transfer, and improve productivity, it is still a new topic in
computer science research. Our studies can provide guidelines for future study design and implementation
in the community.
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Introduction

A fundamental understanding of computational activities is essential to improving productivity and efficiency
in software engineering. With software-related innovations driving a $3.8 trillion global IT market [35,
36] and demand for university computer science courses outstripping the supply of professors [118], the
value of developing and maintaining software is increasing rapidly. This importance is already emphasized
in the software industry, with Fortune 500 companies, such as Amazon and AT&T, committing massive
resources to retrain up to half of their workforces to obtain better productivity and efficiency in programmingintensive areas [19, 38]. Despite this increasing prevalence of software and demand for skilled programmers,
we rely on traditional survey instruments rather than an understanding of fundamental cognitive processes
in computational activities, when developing methods to support and improve productivity and efficiency.
Research has been done in both Psychology [15,90] and Software Engineering [3,9,116] to study the thought
processes behind different tasks. However, most of these studies either focused on particular low-level tasks
(e.g., identifying syntax errors or measuring blink rates [9, 116]) or relied on observational evidence and
self-reporting (e.g., [3, 15, 90]).
While findings relating to cognitive processes have successfully transitioned to guiding behavioral and developmental improvement in domains like mathematics [40] and education [95], we still lack a fundamental
understanding of the cognition behind software activities. Such an understanding would help programmers,
academics, and industry participants: from understanding productivity and expertise [6, 80, 110] to increasing participation in the modern workforce [18, 86] to guiding pedagogy [8, 109] to augmenting unreliable
self-reporting [77, 99]. To obtain such an understanding, we desire a systematic solution that satisfies the
following criteria:
• Objective Measures. It is critical to measure the relevant factors objectively in computer science
tasks. Research in both Psychology and Computer Science has shown that subjective measures may
not be adequately trustworthy (e.g., [41, 55, 65, 108]). Objective measures are necessary to understand
user cognition in a generalizable and reliable way.
• Foundational Understanding. A fundamental understanding of the cognitive processes in programming tasks is essential to help users solve software problems, learn programming, and make decisions
in software development, as well as to further improve productivity and efficiency [72, 75].
• Higher-Level Tasks. We desire an understanding of higher-level programming tasks. Software
development is a complicated process consisting of different components. In the software industry,
development usually includes higher-level tasks such as code reviews [7, 50]. The efficiency of such
higher-level tasks directly and significantly affects their time and monetary cost [32, 69]. Thus, it
is important to understand the cognitive processes for these semantically-rich and industry-related
activities.
• Generalizability Across Users. We desire an understanding that applies to a wide range of people.
Modern software development is conducted in an environment of diverse populations and diversity is
important to effectiveness in software engineering [22, 96]. The diversity of the CS workforce has been
receiving more attention over time [63, 104]. Thus, we desire a theory that accounts for demographic
differences (e.g., gender) across users.
In Psychology, researchers have studied cognitive processes of different tasks, ranging from musical performance [74], to food cravings [94] to prose writing [13, 85, 97]. However, these studies rarely involve computer
science tasks. There is also a significant body of work investigating the psychology of programming, ranging
from the cognitive prerequisites of programming [90], to programming behaviors [3,9] to entire theories of the
coding process [15]. Unfortunately, these studies usually rely on observational behavior or self-reporting data
which may lack foundational evidence. To address the concerns associated with self-reporting, researchers in
software engineering have turned to medical imaging to obtain neurological evidence regarding programming
activities. Research using medical imaging techniques has examined brain patterns in code comprehension,
code readability and bug detection [23, 44, 51, 116]. However, these studies fail to provide an understanding
of cognitive processes for higher-level and more industry-related activities, as well as the differences between
diversified groups of users. Some studies in software engineering explored individual differences in outcomes
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(e.g., associated with gender) [53, 68, 121], but they do not illuminate how user demographics actually affect
decision making in programming tasks.
We combine several insights to form the basis of a systematic study for understanding user cognition in
computer science. First, with the increasing emergence of mobile crowdsensing (MCS), medical imaging
and eye tracking (e.g., smartphoness, fMRI, and eye trackers), it is now possible to conduct studies that
acquire objective data in a natural setting to provide an understanding of the underlying cognitive processes
of certain tasks. For instance, researchers can collect a rich set of data through the embedded sensors in
smartphones. Similarly, modern medical imaging techniques allow researchers to investigate the neurological
patterns in human brains during different tasks. Second, we can adapt scientific approaches and concepts
from other domains to assist our investigation and understanding for computer science activities. For example, in Psychology, fruitful studies have been done on mental health problems (e.g., social anxiety or
depression) that are highly associated with impairment in academic functioning and relationships [89, 131].
These findings shed light on how we can improve productivity and efficiency in computer science. In another
example, education researchers have studied the influence of spatial ability and shown that it is a major
factor in proficiencies such as mathematics [62, 127] and the natural sciences [122, 133]. They have also
designed corresponding interventions to enhance spatial ability [64, 105, 119, 120]. These results inspire us
to study the relationship between spatial ability and programming to help with programmers’ productivity.
Third, it is now possible to study historically-subjective factors like cognition by designing rigorous controlled experiments. For instance, contrast-based experiments are widely used in medical imaging studies to
investigate the brain. Such designs make it possible to focus on brain activities that are only relevant to the
actual experimental conditions. These three insights support our systematic solution that satisfies all four
of the desired properties we require.
To understand cognition in software engineering activities, we propose to study certain relevant and important behaviors of programmers. Consider a standard workday of a traditional software engineer. She is
working on a software project as part of a team. Her mental status, modulated by social interactions with
her co-workers, pressure from the work, etc., affects her functionality and productivity [2, 25, 26, 130]. As
a software engineer, she must be able to understand the software she is working with [126] and produce
high-quality code [81]. She also needs to conduct code reviews to assess her colleagues’ patches and decide
if they can be merged into the project’s code base [50]. We propose a systematic study consisting of four
research components that combines the three insights above to investigate these four critical activities in
software engineering.
First, we propose to study the mental status of users from their natural daily work and
life settings using mobile crowdsensing techniques. We leverage the ubiquity of smartphones to
measure and monitor the mental well-being of end users via a specially-designed mobile application. Modern
smartphones have a rich set of sensors and logs including GPS, accelerometers, text messages, phone calls
and so on, which provide a window into the relationship between behaviors and mental health. We propose
designing a mobile application and a mental health monitoring framework to examine the link between users’
behavior and mental health status under different social contexts. We choose to focus on social anxiety
because it is one of the most common mental health problems [1] and it negatively affects performance due
to impaired social functioning [25, 130].
Our second proposed component is to investigate the relationship between data structure
manipulation and spatial ability using medical imaging techniques. Studies in Psychology have
displayed the importance of, and possible interventions for, enhancement for spatial ability in several domains [14, 64, 119, 127], but it is rarely studied within software development. We hypothesize that spatial
ability is highly associated with software tasks on a foundational level. If so, we can leverage training experience for spatial ability in Psychology to improve pedagogy and productivity in computer science. We
propose to use medical imaging to compare the brain activities of spatial ability and data structure tasks
because (1) data structures are a fundamental element in computer science that affect the performance and
cost of many systems and (2) medical imaging techniques can provide us with a neurological basis for the
relationship between two tasks. We propose to statistically validate this relationship on humans using two
medical imaging modalities.
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Our third proposed component investigates the relationship between code writing and prose
writing using medical imaging. The goal of this study is to understand the cognitive process of code
writing, a crucial activity in software engineering. We propose to use prose writing as a baseline to ground
our results. While some studies have explored how software developers read code (e.g., [52, 116]), there is no
research studying the cognitive processes of creativity in programming such as code writing. One challenge
is that normal keyboards cannot be safely placed, or accurately read, near magnetic resonance scanners. We
propose to design a bespoke magnet-safe keyboard to allow typing and editing. We will test the brain activity
relationship between code writing and prose writing using statistical tests on human participants.
Our fourth proposed component is to study the decision making process in code reviews using
medical imaging and eye tracking. The goal of this study is to investigate the effects of stereotypical
associations (i.e., bias) in software engineering. There is research showing that software developers do not
recognize this potential bias when checking the source of code in code reviews [53] and female developers
have lower acceptance rates while their identities are directly recognizable in open source projects [121]. We
propose to use open source projects and controlled author information to study the cognitive processes in
code reviews. In addition, we will also monitor subjects’ eye movement using eye tracking devices. We will
compare the brain activities and eye motions across conditions using statistical tests.
The overall thesis statement of the proposed dissertation is:
It is possible to meaningfully and objectively measure user cognition to understand the mental status, role of spatial ability, fundamental processes and stereotypical associations in certain software
engineering activities by combining mobile crowdsensing, medical imaging, and eye tracking.

1.1

Contribution

The expected main contributions of the proposed dissertation are the following:
• A deployed research mobile application for iOS and Android supporting real-world human-subject
studies using mobile crowdsensing.
• A framework for integrating and analyzing users’ mobility patterns, micro-behaviors and communication patterns to monitor and understand mental health status.
• A mathematical model of the particular relationship between data structure manipulation and spatial
ability based on fundamental medical imaging results.
• A mathematical model of the particular cognitive processes involved in the higher-level software engineering activities of code writing and code review.
• A comparison of cost-benefit and feasibility tradeoffs between different medical imaging techniques for
software engineering.
The remainder of this proposal is as follows. In Section 2, we discuss background material and related
research efforts. Next, we describe our proposed research and associated technical approaches in Section 3,
and in Section 4, we detail our evaluation plan. We present our proposed schedule of research in Section 5.
Finally, in Section 6 we present results of preliminary experiments then finish with a discussion of the broader
impact in Section 7, and concluding thoughts in Section 8.
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Background and Related Work

In this section, we discuss the background and related work for our proposed research. First, we introduce
studies using mobile crowdsensing to monitor human behavior and mental health status. Second, we discuss
medical imaging techniques and the related work in software engineering to help researchers understand the
cognitive processes behind programming tasks. Third, we introduce spatial ability, code writing, and code
reviews, with a particular focus on stereotypical associations in code reviews.
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2.1

Mobile Crowdsensing and Mental Health

Mobile crowdsensing (MCS) refers to a broad range of community sensing paradigms, where individuals
with sensing and computing devices collectively share data and extract information to measure and map
phenomena of common interest [56]. Human-centric, participatory sensing [20] and mobile crowdsensing [56]
have facilitated participant recruitment and data collection for a range of human-subject studies.
Eagle and Pentland et al. [46–48] were among the first to use MCS to study human subjects. Pentland’s
group extended this work to personality [39] and social ties [42], and others have used a similar approach
to study mental and physical health relationships [101], connections between mental health and academic
performance [128, 129], and human mobility and depression [21]. These and other studies indicate that
MCS is a feasible paradigm for recruitment and data collection in human-subject research [45, 102].
Existing MCS systems are predominantly designed for a single purpose, target only one of the major mobile
platforms (Android or iOS), and require knowledge of markup and programming languages. Thus, we propose
a cross-platform, general-purpose system for MCS-based human-subject studies. The goal of our platform is
to lower the barrier to entry into MCS-based research and increase the likelihood that MCS will be applied
in a diverse set of fields.
The emergence of MCS research via smartphones has created new opportunities to understand how mental
health disorders such as anxiety and depression manifest in real-world settings. Smartphone usage data
and sensor data streams (e.g., accelerometers, microphones, and GPS) provide continuous, unobtrusive
measurements of variables critical to mental health status (e.g., social interactions, location semantics,
and physical activity) [28–30, 66, 78, 79, 128, 135]. The ultimate goal for MCS-based mental health studies
is to deliver effective interventions in real time. Though lacking a fine-grained data analysis to support
real-time intervention delivery, patient-centered [124] and context-aware mobile sensing systems have the
potential to deliver personalized healthcare services [27, 136] at the right time, in the right place, and in the
right manner [134]. Researchers have used smartphone sensor data via mobile sensing systems to monitor
college students’ mental health and educational outcomes [128], detect relevant problematic smartphone
usage patterns of users with mental disorders [115], and measure characteristic changes in symptomatic
individuals to predict their health status [78, 79].
Unlike the previous research, we propose to provide a more general application for conducting human-subject
studies with MCS. We also propose to focus on a more fine-grained analysis of sensor data to understand the
behaviors associated with mental health with the goal of delivering effective interventions in real time.

2.2

Medical Imaging in Software Engineering

Medical imaging techniques are used to study brain activity. Over the past 30 years, non-invasive in vivo functional neuroimaging techniques have emerged as important tools in understanding cognitive processes.
The most popular technique is functional magnetic resonance imaging (fMRI). It is a non-invasive tool that
poses significantly less risk and can access a wider range of brain regions than other techniques (e.g., electrocorticography). fMRI relies on the hemodynamic response, the metabolic changes in neuronal blood flow
to active brain regions, using oxygen consumption as an indirect measurement for brain activity [17].
Siegmund et al. introduced the study of software engineering tasks with fMRI, focusing on code comprehension [116]. Their subsequent work presented more potential analyses of fMRI data involving software
programming, finding evidence that data-flow-based code complexity metrics (but not control-flow-based
metrics) rest on valid assumptions [92]. Floyd et al. used fMRI to study code comprehension, code review,
and prose review [52]. Newer work has looked at bug detection [23, 44], code comprehension [93, 117] and
logic problem solving [112].
We propose to use medical imaging to investigate the cognitive process of high level software engineering
tasks, such as code writing and code reviews, as well as exploring the relationship between data structure
manipulation and spatial ability.
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2.3

Spatial Ability

There are many interpretations of spatial ability, including the determination of spatial relationships between
objects and the mental manipulation of spatially-presented information. Despite spatial ability’s influence
in many disciplines [4, 14, 62, 87, 122, 127, 133], it has rarely been studied in software engineering. To the best
of our knowledge, only one previous study [3] focused on the relationship between software engineering tasks
and spatial ability [3]. This work used interviews but no quantitative relationship has been investigated.
Drawing inspiration from previous work, we consider spatial ability in the context of data structures to be
the capacity to mentally represent, remember and manipulate spatial relations between elements of data.
We propose to use mental rotation [34, 43, 114] tasks to provide a solid neurological basis for spatial ability
against which the cognitive processes associated with data structure manipulation can be compared.

2.4

Code Writing and Cognition

There is strong interest from both academia and industry in improving programmers’ ability to write code [54,
71, 81, 83]. While the success of a handful of projects (e.g., Scratch [106]) hints at the opportunity present
in understanding the mental processes associated with writing code, modern research is limited by our lack
of a foundational, neurobiologically-grounded understanding [65].
Researchers since the 1950’s have sought to understand the psychology of programmers, but have largely
relied on observational data (e.g., [16]). Pea and Kurland, who conducted research in the 1980’s on the cognitive prerequisites and effects of programming, emphasized the need to understand programmers’ psychology
given the rising importance of computer literacy [90, 91].
Despite the massive growth of software engineering since then, Pea and Kurland’s call has not been answered
with a grounded neurological understanding. By contrary, there is a significant body of research to study the
cognitive processes of prose writing (see Berninger and Winn [13] for a survey). Unlike code, prose writing
has been studied using medical imaging to establish a more objective understanding. The findings from
these medical imaging prose writing studies, such as the brain regions associated with prose writing and the
specialization of such regions [12, 85, 97, 98, 107, 113], have in turn successfully informed subsequent research
in pedagogy [13, 70, 95]. Inspired by research on prose writing and other domains using medical imaging, we
believe similar benefits for code writing may be available.
To the best of our knowledge, there are no previous imaging studies of code writing in general, nor studies
comparing code and prose writing in particular. We propose to investigate the relationship between code
writing and prose writing using medical imaging.

2.5

Code Review and Bias

Code review is the systematic inspection, analysis, evaluation, and revision of code. It is one of the most
essential and common activities in modern software engineering to reduce the cost of maintenance. Modern
code review often arises in the form of pull requests associated with version control repositories [7]. In code
reviews, software developers read a co-worker’s patch and decide if the code changes should be merged into
the code base. This practice has shown the latent defect discovery rate of formal code code review to be in
the 60%–65% range [69].
However, while researchers have found out that diversity is important to productivity in software development, software developers may have unconsciously introduced bias in code reviews that might hurt the
efficiency of code reviews. Researchers analyzed pull requests in open source projects on GitHub, and found
out that female contributors have a significantly higher acceptance rate when their gender identities are
not directly recognizable. In comparison, when the gender identity is directly recognizable, female developers have a significantly lower acceptance rate [121]. Other studies have also shown that in code reviews,
software developers unconsciously check the social information of the patch authors [53]. Though such research findings indicate biases in code reviews, there is no studies that provide any objective evidence that
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these stereotypical associations affect software developers’ decision making. Further more, it is unclear how
stereotypical associations affect developers’ decisions in code reviews.
In recent years, as automated software repair tools are adapted into industry [82], the issue of trusting
patches generated by machines has gathered attention in software development. For example, Ryan et al.’s
studies indicated software developers find machine-generated code repairs less trustworthy than repairs made
by a human [111]. In general, we lack a fundamental understanding of such trust and bias differences and
thus propose to study them.

3

Proposed Research

Our goal is to provide systematic studies to objectively and meaningfully measure user cognition to understand the mental status, role of spatial ability, fundamental processes and stereotypical association in software
engineering activities. We propose the following four research components including mobile crowdsensing,
medical imaging and eye tracking to provide this systematic understanding:
1. To design an MCS-based framework for collecting and analyzing users’ mobility patterns, microbehavior and communication patterns to monitor and understand users’ mental status (Section 3.1).
2. To develop a mathematical model of the relationship between data structure manipulation and spatial
ability using both fMRI and another modality in a human study (Section 3.2).
3. To develop a mathematical model of the cognitive processes in code writing compared with prose
writing using fMRI in a human study (Section 3.3).
4. To develop a mathematical model of the effects of stereotypical associations in code reviews using fMRI
and eye tracking in a human study involving deception (Section 3.4).
The remainder of this section describes each research effort and proposed approach at a high level. Subsequently, Section 4 details our proposed metrics and experimental setups.

3.1

Monitoring Mental Health Using Mobile Crowdsensing

The goal of this research thrust is to provide a systematic and objective way to measure and understand
humans’ mental health status. We propose two sub-components to achieve this end. First, we propose
Sensus, a mobile crowdsensing (MCS) system (see Section 2.1) for human-subject studies that bridges the
gap between human-subject researchers and MCS methods by offering rich features for integrating objective
measurements and psychological surveys. Second, we propose a framework to combine smartphone sensor
data (e.g., collected from Sensus including accelerometer, GPS) and call and text metadata to study the
relationship between human behaviors and their mental well-beings. In particular, in this research thrust, we
focus on social anxiety, one of the most common mental health problems among college students [1].
3.1.1

Sensus: Cross-Platform, General MCS for Human-Subject Studies

We propose to extend MCS methods to new disciplines, researchers, and study populations in the design of
a cross platform mobile application, Sensus. Our objectives are to (1) target heterogeneous mobile infrastructures while maintaining a uniform user experience, (2) support a wide range of MCS-based studies that
leverage sensing and interaction capabilities of modern smartphones, (3) eliminate the need for researchers
to understand markup and programming languages when developing their MCS studies, and (4) implement
an MCS system such that it relies exclusively on readily-available mobile devices and cloud storage.
Probes for most hardware-based sensors (e.g., altitude, GPS coordinates, 3-axis acceleration) will follow the
observer pattern and will be activated upon value changes. Probes will have configurable data storage rates
and offer continuous (higher power consumption) and periodic (lower power consumption) sensing modes.
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We propose to build Sensus on top of the Xamarin platform.1 This allows us to use a unified programming
interface on top of the native iOS and Android OS.
3.1.2

Understanding Human Behaviors and Mental Health Status via MCS

Using Sensus, our proposed MCS system for human-subject studies, we will be able to distribute our own
research protocols to study human behaviors with objective measurements. In this research sub-component,
we propose to collaborate with psychologists and use objective measures from smartphone sensors via Sensus
to examine socially anxious individuals’ fine-grained behaviors around periods in which they engage in some
form of social interaction, and how these behaviors differ as a function of location (e.g., at home, at work,
or at an unfamiliar location).
We propose to passively sense (1) micro-level motion via accelerometer sensors, and (2) physical locations
(e.g., home, restaurant) via GPS sensors before, during, and after phone calls and text messages. We
hypothesize that subtle user motions covary with social anxiety level and social context (e.g., hands may
shake more when in a public setting where the chance of negative evaluation by others is high). We refer
to these motions as the user’s behavioral dynamics. We propose to examine whether information from these
sensors reveals systematic differences in movement patterns associated with social anxiety symptoms. In
particular, we propose to explore the relationship between the behavioral dynamics of smartphone use and
an individual’s social anxiety levels. Additionally, we propose a new analysis method for capturing the
behavioral dynamics of smartphone use. We model the smartphone as a linear dynamical system (LDS) [49].
We extract features from the LDS and then use them to understand behavioral differences across social
anxiety levels, communication media (text messages and phone calls), and semantic locations.
Although such behavioral dynamic models have not been used to study human’s mental health status,
scholars have developed similar models to predict subjects’ physical health status [59, 73, 103]. We propose
to leverage these previous efforts to develop this framework for exploring features and identifying individuals
with certain social anxiety levels.

3.2

Understanding the Neural Representations of Data Structures

The second component of our proposed systematic understanding of user cognition is to investigate the
relationship between data structure manipulations and spatial ability (see Section 2.3). We propose to use
mental rotation tasks to provide a solid neurological basis for spatial ability against which the cognitive
processes associated with data structure manipulation can be compared.
We propose to design a controlled experiment involving common data structure tasks as well as spatial ability
tasks (i.e., mental rotation tasks from Psychology). We will carefully design the tasks to admit controlling
for difficulty measures. Psychologists have developed methods to measure the difficulty levels of mental
rotation tasks (e.g., rotation angles [114]). We propose to adapt analogous measures in computer science
(e.g., Big-Oh notation) in our experiment design to capture the difficulty of programming tasks.
We also propose to use both functional magnetic resonance imaging (fMRI) and functional near-infrared
spectroscopy (fNIRS). Both fMRI and fNIRS are non-invasive in vivo neuroimaging techniques that have
enabled new and complex studies of brain function (see Section 2.2). However, they exhibit tradeoffs relevant
to studying software engineering which have not been studied yet. We propose to provide some guidelines
for future experimental designs to the community.

3.3

Comparing Prose Writing and Code Writing

The third proposed research component is to understand the human cognitive processes underlying code
writing. We propose to leverage functional brain imaging to investigate neural representations of code
1 https://www.xamarin.com
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writing (see Section 2.4) in comparison to prose writing.
We will address two main challenges: physics and design. First, normal keyboards cannot be safely placed
or accurately read near magnetic resonance scanners. They interfere with the fMRI measurements and the
fMRI interferes with keyboard reporting. Second, imaging studies require carefully-controlled experiments,
and no high-level design for a code writing contrast has previously been proposed. We propose to design
a fMRI-compatible keyboard to allow standard typing and editing for software developers. The keyboard
will operate by separating its electromagnetic control logic from its physical chassis, connecting them by
specially-shielded cables. We also propose a two-by-two contrast setup: code vs. prose writing and fill-inthe-blank vs. long response (informally, single-word production vs. longer creativity). We propose to use
code stimuli from Turing’s Craft which are widely used in short programming exercises [5] and prose stimuli
from Scholastic Assessment Test (SAT) which is standard English test. Our use of prose writing as a baseline
grounds our experiment and clarifies our results.
The contrast between code and prose writing in our experiment will illuminate their differences and similarities at a neurological level. We propose to conduct a human study involving these prose and code writing
tasks with fMRI and analyze the data to compare the brain activations involved in these tasks.

3.4

Understanding Bias in Code Reviews

Our fourth proposed component aims to explore the neurobiological processes associated with the critical
software engineering activity of code review. In particular, we propose a human study to understand the
effects of author bias associated with code change judgments (see Section 2.5).
In Psychology, a bias is a tendency, inclination, or prejudice toward or against something or someone2 .
Previous research has suggested a cross-gender bias in the open source software community [68, 121, 125].
Moreover, researchers have also observed potential bias associated with source of code (e.g., human or
automated software repair tools) [111]. We aim to understand the role of such author information in code
reviews. At the same time, we will also consider the influence of other source code features (e.g., how many
lines of code are changed in each review).
We propose to use an eye tracker together with medical imaging to observe participants’ behaviors in code
reviews. For example, we will analyze where and how long participants direct their attentions in code
reviews. Such eye tracking data (e.g., fixation) can provide information of humans’ attention and cognitive
load during tasks [37, 51]. We propose to use real-world pull requests in open source projects (e.g. GitHub)
to check if and how much the author information affects developer’s decision making in code reviews. To
address the issue of controlling the quality of code, we will relabel the author information (i.e., male, female
or machine) of the pull requests as a deception factor. We will also use fMRI to collect brain activation data
to explore the nature of this bias (e.g., attentional on code judgments, visual on the author picture).

4

Proposed Experiments and Metrics

In this section we discuss the metrics for evaluating the success of each of our four proposed components, as
well as experimental designs for testing our hypotheses.

4.1

Monitoring Mental Health Using Mobile Crowdsensing

We propose both to develop Sensus, a general MCS-based mobile application, and also a framework to
address the particular issue of relating social anxiety to behavioral dynamics. Our approach must be capable
of conducting human subjects studies that aim at using objective measures in general and must be capable of
2 https://www.psychologytoday.com/us/basics/bias
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calculating the correlations between human’s mental well-being status and extracted features in particular.
We thus propose a two-stage experiment and evaluation.
For the former, we desire Sensus to support heterogeneous hardware, to support a simple markup language
for use by non-CS researchers, and to support off-the-shelf devices and storage. We will assess these goals
by cooperating with psychology researchers as they conduct an experiment using Sensus. In particular,
we will couple the success or failure of our proof-of-concept feasibility study (for objective factors, such
as hardware support) with interviews of the psychologists involved (for subjective factors, such as ease of
markup language use).
For the latter, we will use our framework to test hypotheses concerning the relationship between behavioral
dynamic and social anxiety. We will conduct a human study and analyze objective sensor data from participants following our proposed framework and then carry out statistical correlation analysis on the features
extracted from that data.
4.1.1

Sensus: Cross-Platform, General MCS for Human-Subject Studies

Figure 1 presents the proposed high-level design of Sensus from the perspectives of the researcher (top
half) and the study participant (bottom half). These two perspectives coincide in the sharing of sensing
plans—called protocols—and the storage of study data within Amazon Web Services (AWS) Simple Storage
Service (S3). The proposed end-to-end progression is summarized as follows: Researchers use the Sensus
mobile app to configure a protocol, which is then disseminated to study participants as an encrypted JSON
file. Each study participant receives the protocol file as an email attachment or URL, decrypts the protocol,
and loads it into the Sensus mobile app on his or her device. This protocol loading process also involves
a participant consent step based upon the consent acquisition strategy researchers choose in their studies.
Upon execution the protocol directs the collection and transmission of participant data, which are submitted
to AWS S3 for retrieval and analysis by researchers.
To evaluate if Sensus can be applied in human subject studies and provide an easy user interface for researchers without heavy engineering backgrounds, we deploy Sensus in a human subject study conducted
with a team of psychologists that focuses on social anxiety in a university student population. We will collaborate to use Sensus to study the effect of real-world social interactions on social anxiety (see Section 4.1.2).
The researchers have recruited participants from undergraduate psychology courses. To provide contextual
information for social anxiety measures, researchers configure a protocol to poll each participant’s location
every five minutes using GPS.
The assessment involves correlating social anxiety scores with location data collected by the Sensus protocol.
In this proof-of-concept protocol, the location data for each participant are mapped to the discrete venue
types (e.g., Transportation, Religious, Work & Study, and Food & Leisure). The total time at each venue is
estimated and correlated with participants’ social anxiety scores.
To evaluate Sensus, we will use the success or failure of this feasibility study itself as well as interviews with
the psychologists (e.g., on the ease of developing Sensus protocols without training in markup languages
and mobile development).
4.1.2

Understanding Human Behaviors and Mental Health Status via MCS

We will conduct a human study including two weeks of data collection to asses the ability of Sensus to
support a particular investigation in mental health status. We propose to recruit students to study the
relationship between behavioral dynamics and social anxiety. Participants’ social anxiety levels will be
measured using SIAS score [84].
We first collect GPS data, accelerometer data, and communication events (i.e., phone calls and text messages). Next, we pre-process the data by aligning observations temporally. The accelerometer data consist
of three dimensions (X, Y, and Z axes), and the communication event data include the time and duration of
a phone call or text message. The raw GPS data will be transformed into semantic locations that integrate
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Figure 1: High-level design of Sensus.

social context. After structuring the data, we will use a sliding window to isolate periods of time before,
during, and after each phone call or text message. Next, by modeling the smartphone as a linear dynamic
system, the three-dimensional accelerometer data in the sliding windows belonging to a single call or text
message can be reduced to a one-dimensional system stimulus. Finally, we will construct a distance matrix
using the histogram distribution of the system stimulus and combine this with the GPS semantic labels for
further analysis. These distance matrices will allow us to characterize the behavioral dynamics of a participant before, during, and after a phone call or text message. Using the distance matrices, we will further
extract features (e.g., statistical data of the matrices, such as mean or max) to examine the relationship
between behavioral dynamics and social anxiety levels at different semantic locations and around different
communication events. This research activity will be successful if a subset of the features show a significant
correlation with the social anxiety levels.

4.2

Understanding the Neural Representations of Data Structures

In our second component, we aim to study the relationship between data structure manipulations and
spatial ability at a neurological level. We propose to investigate the following research questions: (1) Do
data structure manipulations involve spatial ability? (2) What is the role of task difficulty? (3) Do fMRI
and fNIRS agree for software engineering? (4) How do self-reporting and neuroimaging compare?
We propose to conduct a human study in which participants will mentally manipulate lists, arrays, and trees.
They will also complete mental rotation tasks involving the ability to determine if two perspective drawings
portray the same three-dimensional shapes, as well as questionnaires related to self-reporting.
We will use fMRI to collect high-resolution imaging data following best practices from neuroimaging [58,123].
We will also collect data using the TechEn Inc. CW6 fNIRS system with an above-average number of light
detection channels, allowing for a broader view of the brain activities than many published fNIRS studies
(cf. [67, 88]). We propose to design a head cap for fNIRS measurement that will deploy at different brain
regions which are chosen based on previous neuroimaging studies of program comprehension and mental
rotation [33, 116], and consisted of 15 Brodmann3 areas. For both fMRI and fNIRS experiments, we plan to
recruit an above-average number of participants compared with previous studies [88, 116].
3 The Brodmann anatomical classification system divides the brain into 52 areas, each associated with specific neurological
functions [57].
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For the analysis for both fMRI and fNIRS data, we propose to follow best practices from psychology, including
statistical correction for multiple comparisons and false positives [11]. We will use standard preprocessing
techniques to identify and remove artifacts [116], validate model assumptions [52], and standardize locations
of brain regions [65] across participants. We will then use general linear models (GLM) to obtain contrastbased estimates of task-related brain activations within voxels (fMRI) or channels (fNIRS) based on the
canonical hemodynamic response function. Finally, we propose to perform statistical tests at both individual
and group levels to test for significant brain activations, including subsequent correction for false positives.
Our goal is to localize significant brain activations from task-related changes in the BOLD response (fMRI)
or light absorption (fNIRS). We will analyze the relationships between data structure manipulation and
spatial ability in terms of the extent of the brain region overlap between these two types of activities during
our contrast-based experiments; to guard against spurious correlations, we will require statistical significance
with false discovery rate (FDR) correction (q < 0.05).

4.3

Comparing Prose Writing and Code Writing

In our third research activity, we propose to use functional brain imaging to investigate neural representations
of code writing in comparison to prose writing. Specifically, we aim to address the following four research
questions: (1) Do self reports claim code writing is like prose writing? (2) Does the brain treat code writing
like prose writing? (3) What low-level features explain code and prose writing? (4) What high-level features
explain code and prose writing?
We will first employ a bespoke QWERTY keyboard that moves all metal and control logic to a separate room.
All control logic and metal will be removed from the keyboard, and moving metallic pieces will be replaced
with 3D-printed (plastic) equivalents. Briefly, each individual key will be attached to its own shielded wire
that extends 30 feet to provide adequate distance from the core of the MRI machine. The wires will be
fed through an RF-safe waveguide to the fMRI control room, where a custom-built device reads the state
of each key and outputs a standard USB signal. Because no control logic is present near the MRI machine
and keystrokes will be processed from the control room, we can eliminate issues caused by electromagnetic
interference. This proposed fMRI-safe keyboard organization is illustrated in Figure 2.
Second, we will design two types of tasks: fill-in-the-blank (FITB) and long response (LR). FITB tasks
present either a sentence or program containing a blank space, requiring the participant to provide the
missing word or code snippet. In LR tasks, participants will write prose or code from scratch to answer an
open-ended question or meet a program specification.
We propose to conduct a human study involving these prose and code writing tasks in an fMRI scanner.
Participants will complete the two types of writing tasks we introduced above using our bespoke keyboard
for the fMRI environment, as well as a questionnaire related to self-reporting.
The data analysis will follow the best practices detailed in Section 4.2. We will collect and analyze the fMRI
data with a particular focus on noise mitigation and avoiding false positive correlations. We will restrict
attention to those correlations that can be drawn between the brain regions associated with two tasks from
our contrast-based experiment that are statistically significant and survive FDR correction (q < 0.05).

4.4

Understanding Bias in Code Reviews

In our final research activity, we propose to explore the neurological processes underlying code review and
investigate the effects of author bias associated with it. We aim to answer the following research questions:
(1) Which pull request aspects affect cognitive load in code reviews? (2) How does code provenance affect
developers’ decisions in code reviews? (3) Is there any neurological basis for gender-stereotypical associations
in code review? (4) Are developers biased regarding computer-generated code patches compared to humangenerated patches?
We propose to conduct a human study using fMRI and eye tracking, in which participants will conduct code
reviews inside a scanner. This human study will also include a post-experiment survey to gather information
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of how developers subjectively evaluate their decision making process for code reviews. We will obtain
pull requests from real open source projects (e.g., GitHub) and use multiple versions of the stimuli which
vary only with respect to the author information. We propose to include female and male authors which
are indicated by pictures from the Chicago Face Database, controlling for race, emotional expression and
attractiveness [76]. We will also include automated software repair tools as authors of code patches.
The pull request features we will investigate include the number of lines of code presented as context, the
number of lines of changes in the code base, and the number of words in pull request comments, and
the author provenance of the pull request (a human-generated patch or a computer-generated patch). We
will analyze the participants’ eye traces to understand how different information in code reviews attracts
reviewers’ attention. This experiment is designed such that the same code patch will be shown to different
participants with different author information. We will check if the author information affects the decision
while the quality of code is controlled. We will also check if the author information affects the response
time. We will analyze the review judgment, fMRI, eye tracking and post-survey data to check if there is
any difference in human developers’ answers, brain activity, visual attention, and self-reported subjective
thoughts when assessing patches coming from women, men, or computers.
We will recruit a senior student participants and involve approximately the same number of male and female
participants for in-group and out-of-group analysis. Similar as described in Section 4.2, we will collect and
analyze the fMRI data to study the brain activities in code reviews involving different code features and
author information. We will also analyze the eye tracking data in terms of fixation and saccade patterns [37].
We desire an understanding in terms of statistically-significant activations in certain brain regions that are
associated with stereotypical associations [10, 24, 61, 100] and/or significant behavioral difference in code
reviews tasks with different author information (FDR: q < 0.05).

5

Schedule

Figure 3 outlines the research timeline for the proposed dissertation work. We anticipate completing the
remaining proposed research efforts in 1.5 years, with an expected graduation in May 2021. Section 6 details
preliminary work related to this thesis that has already been conducted or published.
In particular, we have already obtained IRB approval for all human subjects studies proposed here (e.g.,
HUM00138634 and HUM00161095, including the use of deception related to author provenance to study
bias). In addition, all custom equipment (i.e., the fNIRS cap and bespoke fMRI-safe keyboard) has already
been constructed and found to be safe for use with medical imaging. The relationships with Psychology
researchers are already established (i.e., the Sensus study, fMRI analysis and fNIRS analysis). Finally, we
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have access to all required equipment, laboratories and hardware (i.e., mobile phones for Sensus, fMRI and
fNIRS scanners, and an eye tracker).
We have previously targeted venues such as the International Conference of Software Engineering (ICSE), the
International Joint Conference on Pervasive and Ubiquitous Computing (UbiComp), and Journal of Medical
Internet Research (JMIR). We propose targeting similar venues for the remaining work, as well as other
top-tier venues in Software Engineering and Psychology such as the Foundations of Software Engineering
(FSE), Transactions on Software Engineering (TSE) and the Journal of Brain Imaging and Behavior.

6

Preliminary Results

In this section, we present preliminary results from ongoing research.

6.1

Monitoring Mental Health Using Mobile Crowd Sensing

We have completed the research described in Section 6.1 to develop a mobile crowdsensing application
that supports human subject studies with objective behavioral measures as well as a framework to analyze
behavioral dynamic data. The results have been published in peer-reviewed venues [31, 60, 66, 132].
6.1.1

Sensus: Cross-Platform, General MCS for Human-Subject Studies

Sensus has been applied to a feasibility study to collect smartphone sensing data to assess college students’
social anxiety, one of the most common disorders in the college student population. In this study, researchers
continuously tracked GPS locations of 18 college students, then built an analytic infrastructure to collect
the GPS trajectories and finally they analyzed student behaviors (e.g., studying or staying at home) using
Point-Of-Interest (POI) data. The collected data provided critical information about how students’ social
anxiety levels and their mobility patterns are correlated. The primary experiment demonstrated that social
anxiety level is positively correlated with the time spent at home or in religious places (p < 0.05). We
interviewed the researchers to discuss their experience with Sensus. Overall, their feedback was positive
and they indicated an interest in using Sensus for future studies.
After that feasibility study, Sensus has been made available to the public. Although the Apple App Store
and Google Play Store do not provide precise download information, to the best of our knowledge Sensus
has been applied to more than 200 human subjects in several research studies.
6.1.2

Understanding Human Behaviors and Mental Health Status via MCS

We conducted a study of 52 college students and analyzed their accelerometer data using Sensus. We
calculated the Pearson correlation coefficient and performed a significance analysis to explore the relationship
between human smartphone use and social anxiety status.
Table 1 shows the Pearson correlation and significance analysis between accepted social anxiety measures
(SIAS [84]) and the percentages of phone calls (Call P roportion) and text messages (T ext P roportion)
participants made in different locations. We found that the proportions of both phone calls and text messages
made at home have a significant positive relation with the social anxiety score (with p-values of 0.0045 and
0.0028). In other words, the higher the social anxiety level is, the more phone calls and text messages
are made at home. This may suggest that people with high social anxiety prefer to communicate in the
comfort of their homes, perhaps because they are less likely to be exposed to other people or an unfamiliar
environment. In this table, the proportion of text messages in personal life locations also shows a significant
negative correlation with social anxiety status.

13

Table 1: Correlation and significance analysis of proportions of phone calls made at different locations vs.
SIAS score: Pearson correlation (with p-values) between participants’ SIAS scores and the portions of phone
calls that were made in specific types of locations. Additionally, the normalized mean (x̄) and standard
deviation (σ) of participants’ portions of phone calls at each location are shown.
Call Proportion
Location

Text Proportion

Pearson r

p-value

x̄

σ

Pearson r

p-value

x̄

σ

Work

-0.1806

0.2142

0.0935

0.1074

-0.2511

0.0725

0.1441

0.1040

Home

0.3983

0.0045

0.3868

0.2484

0.4059

0.0028

0.3989

0.2128

Food & leisure

-0.2342

0.1053

0.1188

0.1551

-0.0882

0.5340

0.1412

0.1423

0.1234

0.3982

0.0138

0.0346

-0.2917

0.0359

0.0166

0.0228

-0.0715

0.6141

0.3200

0.1812

-0.0707

0.6045

0.2381

0.1153

Personal life
Transition

Table 2: Correlation and significance Analysis of motion data around phone calls and text messages vs. SIAS
score: Pearson correlation (with p-values) between participants’ SIAS scores and the features extracted from
the smartphone accelerometer data around phone calls and texts. In this table, two features are explored:
(1) the average of all distance matrices mean (F AC1 ), and (2) the average of all distance matrices standard
deviation (F AC2 ).
Call (MC)
Matrix feature

Text (MT)

Pearson r

p-value

Pearson r

p-value

F AC1

0.2867

0.0457

0.1961

0.1634

F AC2

0.3041

0.0336

0.2342

0.0946

Table 2 describes the Pearson correlation between participants’ social anxiety scores and the features extracted from their smartphones from the linear dynamic model during phone calls and text messages. For
both features, we can conclude that the motion dynamics of phone calls have a significant positive association
with anxiety scores (with p-values of 0.0457 and 0.0336). We can infer that people with higher social anxiety
levels have more motion variations when they are making phone calls, but there is no significant relationship
between text messaging behavioral dynamics and anxiety scores.

6.2

Understanding the Neural Representations of Data Structures

We have conducted a human study involving 76 participants. This population is at least two times larger
than previous studies investigating software engineering with medical imaging.
We found that data structure and spatial ability operations are related: both fMRI and fNIRS evidence
demonstrate that the two tasks involve activations to the same brain regions (p < 0.01). However, the
similarity relationship is nuanced: spatial ability operations and tree operations admit a significant contrast
and are characterized by differentiated activation magnitudes (p < 0.001). Further, some regions relevant
to data structures are not accessible to fNIRS: fNIRS lacked the penetrating power to uncover the full
evidence reported by fMRI and was unable to distinguish between two distinct tasks. We also found that
difficulty matters for data structure tasks: more complicated stimuli result in greater neural activation, and
thus an increase in cognitive load. While a neural relationship between spatial ability and data structure
manipulation may seem clear in retrospect, it was not obvious to our participants, 70% of whom reported
no subjective experience of similarity.
This work was published in ICSE in 2019 [65] where it received a distinguished paper award.
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6.3

Comparing Prose Writing and Code Writing

We have completed the hardware construction, safety checks, stimulus design, participant recruitment and
scanning for this activity. The formal analysis is ongoing and the work is not yet published.

6.4

Understanding Bias in Code Reviews

We have completed stimulus design and participant recruitment. We also obtained an internal fMRI Pilot
Grant from the University of Michigan to support this study. Participant scanning is ongoing.

7

Broader Impact

The potential broader impact of this proposal occurs at different time frames.
Short term. All the medical imaging and behavioral data will be de-identified and released publicly for
replication research. Human studies and medical imaging are costly. The data we collect can benefit for
future analysis in the community. Our mobile application, Sensus, can be used in a wide range of human
subject studies. Our findings from the proposed research components can help monitor the mental health
status (thus help professionals intervene with potential severe mental issues) and help computer science
educators develop more efficient strategies.
Medium term. PI Huang is involved in the proposal writing, organization, and data collection for two
successfully-funded Rackham Faculty Allies and Student Ally Diversity Grants. This activity brings in
external speakers for student-focused colloquia and meetings to educate students about underrepresented
career goals and research options. In its first year, over 90% of student participants agreed that they learned
about different applications of CS and different career options and that the activities helped them better
understand how to achieve their career, academic and research goals. PI Huang has helped obtain $30,000
over two years to broaden participation in computing.
Long term. On one hand, human studies with objective measures based on MCS can enrich the research
options for researchers with interest in human behaviors in natural settings. On the other hand, medical
imaging research in computer science has the potential to augment unreliable self-reporting, guide pedagogy
and technology transfer, and improve productivity. While medical imaging is already widely used in other
domains, it is still a new topic in computer science research. Our studies can provide guidelines for other
researchers for their future study design and implementation. Our findings can also potentially encourage a
wider participation in programming community in terms of gender and backgrounds.

8

Conclusion

A fundamental understanding of computational activities is essential to improving productivity and efficiency
in software engineering. However, traditionally we have relied only on survey instruments and self-reporting,
rather than an understanding of cognitive processes in computational activities, when developing methods
to support and improve productivity and efficiency. In this proposal, we present a systematic approach to
study the cognitive processes behind multiple important activities in software engineering. We hypothesize
that it is possible to meaningfully and objectively measure user cognition to understand the mental status,
role of spatial ability, fundamental processes and stereotypical associations in certain software engineering
activities by combining mobile sensing, medical imaging, and eye tracking.
In this thesis, we propose four research components. First, we propose to study the mental status of users
in natural settings using mobile crowdsensing. Second, we propose to investigate the relationship between
data structure manipulation and spatial ability using medical imaging. Third, we propose to investigate the
relationship between code writing and prose writing using medical imaging. Fourth, we propose to study
bias in code reviews using medical imaging and eye tracking. This research will improve our fundamental
understanding of the cognitive processes involved in critical software engineering activities.
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