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Mahnas Jean Mohammadi-Aragh 

 

ABSTRACT 

 

As computers become more prevalent (and required) in engineering classrooms, it becomes 

increasingly important to address the dichotomy in our current understanding of their impact on 

student attention and learning. While some researchers report increased student learning, others 

report computers as a distraction to learning. To address this conflict, the research community 

must gain a fundamental understanding of how students use their computers in-class and how 

student attention is connected to learning and pedagogical practice. By gaining such an 

understanding, instructors’ design of classroom interventions aimed at increasing positive 

computer usage will be better informed. 

The purpose of this quantitative research study is to answer the overarching question “How 

do students use computers in technology-infused classrooms?” through an investigation of 

student attention.  Based on the premise that one’s senses must be oriented towards a stimulus to 

receive the stimulus, it is hypothesized that attention in a technology-infused classroom can be 

measured by monitoring a students’ top-most, active window (the Active Window Method).  

This novel approach mitigates issues with prior data collection methods, and allows researchers 

the opportunity to capture real-time student computer usage.  

This research serves the dual purpose of validating the Active Window Method and 

investigating applications of the method. The Active Window Method is validated by comparing 

real-time active window data with in-class observations of attention in engineering courses with 

large enrollments.  The bootstrap resampling technique is used to estimate mean error rate.  Post-

tests are used to establish convergent validity by relating learning to active window data.  

Polytomous logistic regression is used to examine the probability of post-test score (response) 

over the range of attention levels (factor). 

Subsequent to validation, two applications of the Active Window Method were pursued.  

First, student computer use is characterized in multiple large lecture sections.  Second, in 
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answering calls to link student computer usage to pedagogical practices, an investigation into the 

relationship between pedagogy and attention is conducted by aligning time stamps of the active 

window record with technology-infused pedagogical activities identified in video recordings of 

lectures.  An intervention time series analysis is employed to quantify the change in average 

attention due to pedagogical activities. 

Results demonstrate strong construct validity when directly comparing active window and 

attention.  Convergent validity was weak when relating active window to learning.  Results from 

the two applications illustrate that instructors’ use of technology and their pedagogical practices 

impact student computer use. Specifically, collecting student-generated content and polling 

question activities encourage on-task behavior.  However, activities that include a website link 

encourage off-task behavior. 
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Definitions 

 

Active window: The top-most computer window, which has mouse and keyboard focus.  

 

Attention timeline:  Attention time series calculated from the AWARE record.  Individual 

attention timelines indicate on-/off-task over time and aggregate timelines indicate average class 

attention over time. 

 

AWARE: Active Window Assessment for Research in Education 

 

AWARE record: Data obtained from the AWARE tool.  Data consists of multiple individual 

attention timelines. 

 

AWARE tool: This study’s implementation of the Active Window Method.  AWARE 

implementation is described in Section 3.3.2. 

 

Measured Student Attention (MSA): Attention measured electronically by capturing a 

student’s active window (data obtained by an electronic monitoring tool).  

 

Observed Active Window Attention (OAWA): Attention inferred through observing students’ 

active window 

 

Observed Student Attention: (OSA) Attention inferred through observing student behavior. 

 

Spyware: Software that collects user data (e.g., keystrokes, passwords, program information) for 

malicious intent. 

 

Technology-infused classroom: A classroom in which every student has access to a personal 

computer and the course content is delivered primarily through specific software. 
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Chapter 1: Introduction and Motivation 

 

Over 300 universities and colleges have implemented campus-wide computing initiatives that 

require students to own a laptop computer prior to enrolling (Brown, 2011).  Laptop 

requirements are especially prevalent in engineering programs, where computing is an integral 

component of the curriculum.  In addition to ensuring students have equal access to the necessary 

analytical software, laptop requirements enable technology-centered instructional activities in the 

classroom such as electronic content delivery, interactive polling, course management, and 

interactive software mentoring (Campbell & Pargas, 2003; Tront, 2007).   

However, the advantages of laptops in the classroom are often accompanied by the 

disadvantage of student inattentiveness, a significant concern due to the attention requirement for 

learning (Section 2.1).  Laptops allow students to participate in a myriad of distracting activities, 

including sending email, reading websites, and playing games.  Concern for distraction has led to 

multiple studies investigating the effects of computers in the classroom (summarized in Table 

1.1).  

Researchers investigating personal computer use in the classroom have documented both 

advantages and disadvantages (Section 1.1).  Focusing on the disadvantages, instructors often 

ban classroom technology to remedy the observed negative behavior (Cole, 2008; Yamamoto, 

2008; Fink, 2010). Besides being in direct opposition to their universities’ computer 

requirements, these technology bans prevent the positive effects and educational innovations that 

result from personal computers in classrooms.  However, computers can be used as a tool to 

facilitate increased interaction between students and teachers and to provide necessary attention 

breaks, both of which have been linked to gains in student learning (Section 2.2.1).  As 

computers become more prevalent (and required) in engineering classrooms, it becomes 

increasingly important to address the dichotomy in our current understanding of their impact on 

student attention and learning. 
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Table 1.1. Select studies of computers in the classroom.  (“+” =  positive findings; “–“ = negative findings.) 

Author Topic Population Methods Findings 
Doolen, Porter, 
& Hoag (2003) 

Student attitudes 
towards PDAs 

First-year 
engineering (72 
students) 

• Issued PDAs 
• Integrated PDAs into 

lecture  
• End of the semester 

student survey 

+ Students have favorable 
attitudes 

+ Positive relationship between 
PDA usage and course 
performance 

Hembrooke & 
Gay (2003) 

Laptops’ effects 
on learning 

Upper-level 
communications 
(44 students) 

• Issued laptops 
• Open-laptop vs. 

closed-laptop lectures 
• Open laptop: students 

directed to seek 
additional/relevant 
info 

• Web proxy data 
• Pre/post quizzes 

− Open-laptop condition: 
students performed 
significantly worse on quizzes 
(less learning) 

− Negative correlation between 
time spent searching and quiz 
grades 

Lohani and 
coauthors 
(2007) 

Student 
perceptions of 
Tablet based 
instruction 

First-year 
engineering 
(~1200 
students) 

• CoE required personal 
Tablet purchase 

• Tablets integrated into 
lecture 

• End of the semester 
student survey 

Students positive towards: 
+ Electronic ink for note taking 
+ Collaboration 
+ Problem solving 

Fried (2008) Computers in 
lecture and 
multitasking’s 
effect on learning 

General 
Psychology 
class (2 
sections; 137 
total students) 

• Short weekly surveys 
• End of the semester 

survey 

− Off-task activity negatively 
correlated with (i) paying 
attention and (ii) 
understanding lecture 

− Laptops pose a significant 
distraction to neighboring 
students 

Kraushaar, 
Chittenden, & 
Novak (2008) 

Investigate actual 
and self-reported 
computer use & 
compare laptops to 
tablets 

Junior-level 
data and process 
modeling (108 
students) 

• Commercial spyware 
• End of the semester 

survey 

− Students underreport usage on 
surveys 

− Tablet owners had higher 
achievement levels and higher 
use than laptop owners 

Kraushaar & 
Novak (2010) 

Electronically 
investigate 
laptops, 
distraction, and 
learning 

Management 
Information 
system class (3 
sections; 97 
total students) 

• Commercial spyware 
• End of the semester 

survey 

− Significant inverse 
relationship between 
distraction and academic 
performance 

− Students underreport usage on 
surveys 

Samson (2010) Explore laptops 
and distraction; 
compared to 
course without 
laptops, is learning 
increased? 

Large, 
introductory 
science course 
(multiple 
semesters) 

• Laptops optional 
• Instructor-student 

interactive software 
(use optional) 

• Beginning and end of 
the semester surveys 

• Random short surveys 
throughout semester 

• Instructor 
observations 

+ 90% of students brought 
laptops to class 

+ Students: laptops increase off-
task activities, but laptops 
increase attentiveness, 
engagement, learning 

+ Instructor: increase in student-
posed questions 

Connor (2011) Investigate laptops 
and distraction 

Civil Eng. 
course (185 
students) 

• Observations of ten 
random students 
during 26 lectures 

− 86% of students with a 
computer used them for non-
course related activities 
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1.1 Need for this Research 

 

Although multiple studies have investigated classroom computer use, the impact that 

computers in the classroom have on learning is unclear (Table 1.1).  

 

1.1.1 Computer-use studies reporting positive outcomes 

Many researchers studying classroom computer-use report increased student learning 

in computer-infused classrooms (Table 1.1).  For example, in a large first-year engineering 

lecture (72 students), Doolen, Porter, and Hoag (2003) measured student attitudes (confidence, 

liking, anxiety, enthusiasm, usefulness in general, and usefulness in the classroom) towards 

personal digital assistants (PDAs).  During eight lectures, the instructor issued PDAs to each 

student and integrated the PDAs into lecture activities by having students enter data into 

spreadsheets, for example.  Overall, students reported favorable attitudes, and the authors 

reported evidence in support of a positive relationship between PDA usage and student course 

performance.   

In another study investigating the integration of personal computers in a first-year 

engineering program (~1200 students), Lohani and coauthors (2007) report that students 

responded favorably towards Tablet PCs, especially with regards to note taking and 

collaboration.  Though the use of anonymous data collection methods precluded investigating 

connections between computer use and learning, researchers studying the same population 

argued that students using Tablet PCs allowed them to create representations digitally, which 

was valuable from a cognitive perspective (Johri and Lohani, 2009).  In Johri and Lohani’s 

study, students again self-reported positive attitudes towards technology in the classroom, 

particularly in the areas of digital writing and increased interaction in their large lectures (greater 

than 150 students).    

In a study examining a large, introductory science class, students had the option of bringing 

laptops to class and using interactive software to interact with the instructor (Samson, 2010).  

While laptops were not required, over 90% of students brought their laptops to class.  Over 

multiple semesters, students acknowledged in end of the semester surveys that having their 

laptops in class increased the time they spent on off-task activities, but at the same time, students 
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self-reported that they were more attentive, more engaged, and able to learn more.  Samson also 

reported an increase in student-posed questions in semesters when laptops were permitted.   

1.1.2 Computer-use studies reporting negative outcomes 

However, other studies view computers in the classroom negatively, or report that 

computers are a distraction to learning (Table 1.1).  Hembrooke and Gay (2003) issued 

laptops to 44 upper-level Communications students and measured learning in open-laptop 

lectures and closed-laptop lectures with post-lecture quizzes. Students in open-laptop lectures 

were directed to seek additional information on lecture topics via the Internet.  The authors found 

that students in the open-laptop lectures performed significantly worse on quizzes.  In the open-

laptop lectures, the authors also investigated Internet browsing habits and found a negative 

correlation between time spent searching and quiz grades.  

Fried (2008) also found negative effects on learning in two large general psychology class 

sections (137 students total).  In this study, students readily admitted to using their laptops for 

non-course related activity.  Controlling for ACT scores, class attendance, and high school class 

rank, off-task laptop activity was negatively correlated with multiple learning measures including 

(i) paying attention and (ii) understanding lecture content.  Notably, Fried also found that laptops 

pose a significant distraction to neighboring students.   

In three small undergraduate management information system class sections (97 students 

total), Kraushaar and Novak (2010) observed significant off-task behavior.  Using Spyware, they 

measured distraction by the ratio of distractive windows to productive windows opened on a 

students’ laptop during lecture.  There was a significant inverse relationship between their 

distraction ratio and academic performance.   

Finally, through observations of a large lecture, Conner (2011) concluded only 14% of the 

students who used a computer in class used the computer for class related activities (e.g., taking 

notes).   

 

1.1.3 Need for additional computer-use studies 

The conflicting evidence for and against computers in the classroom points to the clear 

need for additional research investigating computers in the classroom and studies that 

more accurately characterize student computer use.  Remedying this conflict is especially 



5 
 

relevant in the engineering education context, where computing is at the forefront of the 

professional practice.   

While there have been a few prior attempts at characterizing student computer usage, the 

attempts are limited by reliance on inaccurate survey data or the use of invasive spyware that 

cataloged students’ computer usage at all times (Section 1.2).  Gaining a fundamental 

understanding of usage requires balancing the need for capturing complete, real-time student 

computer usage with the responsibility of maintaining student privacy.  Another suggestion for 

remedying the conflict in our understanding is to focus on identifying pedagogical practices and 

classroom factors that maximize the benefits of computers and those that minimize the 

distractions (Kay & Lauricella, 2011; Kraushaar and Novak, 2010).  

This dissertation addresses the need to more accurately characterize student computer use by 

(i) developing and validating a novel method for real-time data collection and (ii) applying the 

new method to improve understanding of student computer use and the impact of technology-

infused pedagogy.  

 

1.2 Critique of Previous Research Studies’ Assessment Strategies 

 

A primary reason for past studies’ mixed results is limitations inherent in their studies’ 

assessment strategies and/or technology.  Existing research studies have explored student 

attention through either self-reported survey data, Internet activity monitoring or through the 

installation of Spyware software.  The most common assessment strategy is the end-of-semester 

survey.  In addition to the issues listed in Table 1.2, this assessment strategy only provides a 

general characterization that cannot be tied to specific classroom activities.   

Kraushaar, Chittenden, and Novak (2008), and Kraushaar and Novak (2010) attempted to 

remedy issues with surveys by installing Spyware on students’ computers.  However, in both 

these studies, privacy concerns arose since the Spyware monitored all computer use 24-hours a 

day.  To somewhat mitigate privacy concerns, students were informed of the study, had to install 

the software themselves, and could disable the software at any time.  Later, additional software 

issues arose due to antivirus protection software disabling the Spyware.   At the conclusion of the 

study, response rates for the electronic monitoring portion of their studies were 40%, on average, 
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due to students choosing not to participate, students disabling the monitoring capabilities, and 

students’ antivirus software blocking the spyware.  

 

Table 1.2. Issues with prior methods for collecting student computer-use data 

Data 
Collection 
Method 

Issues with Method for Measuring 
Computer Use and Attention 

Supporting Literature 

Surveys  
(General) 

Students underreport computer use.  
 

Kraushaar, Chittenden, & Novak, 
2008 
Kraushaar & Novak, 2010 

Low response rate e.g., Lauricella & Kay, 2010 (rate = 
34%) 

Surveys  
(End of the 
semester) 

Student’s memories may not match 
reality  

Brener, Billy, & Grady, 2003 

Grade-oriented students may fail to 
report negative behavior 

Bradburn & coauthors, 1978 
Pollio & Beck, 2000 

Proxy server   
(Internet 
activity) 

Incomplete characterization due to 
ignoring non-Internet activity 

Hembrooke & Gay, 2003 

Commercial 
spyware on 
personal 
computers 

Privacy (24-hour/day monitoring) Kraushaar, Chittenden, & Novak, 
2008 

Students are repeatedly reminded they 
are being monitored (due to software 
installation/maintenance, and adding 
antivirus exceptions); may alter behavior 

Kraushaar, Chittenden, & Novak, 
2008; and  
Kraushaar & Novak, 2010 

 
 

While the methods used in Kraushaar and co-author’s two studies could potentially provide a 

complete characterization of student computer usage, there are several limitations with the 

methods.  First, while the authors state there is a need to expand their study and characterize 

student computer use in parallel with course structure or content, ethical and privacy concerns 

are a barrier to widespread deployment of Spyware, especially Spyware that runs 24-hours a day.  

Second, since students had to actively install, maintain, and add antivirus exceptions for the 

Spyware, students were actively aware of monitoring and may have changed their behavior. 

Existing studies that have explored the impact of classroom computers on student 

attention are limited by their assessment strategy and/or technology.  An ideal research 

strategy for evaluating student computer use would (i) gather only pertinent data (ii) 
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without relying on self-reported usage, (iii) without informing the student, (iv) without 

affecting students’ computers, and (v) without infringing on students’ privacy. 

 

1.3 Purpose of the Study and Overview of Research Questions 

 

This research is focused on overcoming the problem of inadequate characterization of student 

computer use, which is reflected in the overarching research question (How do students use 

computers in technology-infused classrooms?).  If this barrier can be overcome, it is believed 

that relating student computer use to classroom activities would allow instructors and course 

designers to encourage positive classroom behaviors, and, thus, increase learning.   

 

Overarching Research Question 

How do students use computers in technology-infused classrooms? 

 

The author proposes that the need for robust data and the need for protecting student privacy 

can be balanced by measuring attention via a real-time record of the active, top-most, in-focus 

window on students’ computers (the Active Window Method).  Investigating new methods for 

measuring attention is of merit because attention is a precursor to learning (Section 2.1).  Driven 

by the Limited Capacity Theory of attention (Section 2.1.4), the author hypothesizes that, in 

courses where computers are thoroughly integrated and instructors structure student use of 

technology (Section 2.3), the active window on a student’s computer can be used as a proxy for 

that student’s attention.  If this hypothesis is valid, the overarching research question can then be 

investigated using a non-invasive tool that simply collects the student’s active window. (The 

Active Window Assessment for Research in Education (AWARE) tool’s implementation is 

explained in Section 3.3.2).   

 

1.3.1 Active window definition 

To ensure the reader understands the concept of active window, a critical element of the 

Active Window Method, it is necessary to provide a clear definition.  Active window is the top-

most computer window, which has mouse and keyboard focus.  In this study, active window is 



8 
 

used to operationalize attention based on the Limited Capacity of Attention (Section 2.1.4).  For 

example, if the software that is currently being used by the instructor in a technology-infused 

classroom is the current active window on a student’s computer (e.g., Figure 1.1a), the student is 

considered to be paying attention (or “on-task”).  If any other application is the active window 

(e.g., Figure 1.1b, 1.1c), a student is considered to not be paying attention (or “off-task”).  Thus, 

it is hypothesized that attention can be measured by monitoring the status of a student’s active 

window.   

  

   
(a) Focus on DyKnow (on-task) (b)  Focus on Firefox (off-task) (c) Focus on Word  (off-task) 

 

Figure 1.1. Examples of active windows (gray window) 

 

1.3.2 Sub-research questions 

The overarching research question guiding this study will be investigated through four sub-

research questions.  The first two research questions (RQ1 and RQ2) focus on the validity of 

interpreting active window as attention.  Construct validity refers to the degree that 

operationalized variables accurately measure theoretical constructs (McMillan, 2008).  In this 

study, Sub-Research Question 1 (RQ1) guides the investigation of construct validity for using 

active window as a measure of attention.   

 

Sub-Research Question 1 (RQ1):  

To what degree can active window on a student’s computer be used as a proxy for 

representing in-class attention? (Construct validity) 

 

Convergent validity refers to the examination of expected relationships between constructs in 

order to determine if constructs that are theoretically related are indeed related (McMillan, 

2008).  In this study, the strong theoretical relationship between attention and learning warrants 
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an investigation into the relationship between active window and learning, which is guided by 

Sub-Research Question 2 (RQ2).   

 

Sub-Research Question 2 (RQ2):  

How does learning relate to students’ classroom computer use?  (Convergent 

validity) 

 

The third and fourth research questions are application-based, and demonstrate the benefits 

and limitations to the Active Window Method.  To demonstrate how the Active Window Method 

is a useful research method for a characterizing student computer-use, the method is deployed in 

large first-year engineering lectures in order to explore and characterize student computer use 

(RQ3).  Finally, to demonstrate how the Active Window Method enables the evaluation of 

pedagogical approaches, and to answer calls for linking research to pedagogical practices, an 

initial investigation into the relationship between pedagogy and student attention is conducted 

(RQ4). 

 

Sub-Research Question 3 (RQ3):  

What is the state of student attention in a technology-infused classroom? 

 

Sub-Research Question 4 (RQ4):  

How do technology-infused pedagogical practices impact students’ attention?. 

 

1.4 Significance of the Study 

 

This research outlines and validates a non-invasive, electronic data collection method to 

capture real-time data on student computer usage.  By using the Active Window Method and 

analyzing collected data from multiple course meetings, this research will produce a more 

complete understanding of students’ in-class computer use.   

This research has a broad impact since a clearer understanding of students’ computer use will 

better inform pedagogical practice in all technology-infused classrooms.  The active window 

monitoring method, validated and used in this study, can be easily incorporated into existing 
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interactive learning software (e.g., DyKnow Vision, Classroom Presenter).  The Active Window 

Method enables the exploration of additional research questions, such as: (i) how does student 

performance differ for students who actively use course delivery software versus students who 

passively use it, (ii) how do students who are enrolled in a distance-learning course engage with 

course delivery software, and (iii) how does student computer use differ in small, medium, and 

large lectures? (See Chapter 8.)  

This research has practical implications in course design and instructional strategies. Relating 

student computer usage data with instructional events will generate an understanding of how 

technology-infused pedagogical interventions affect student attention.  Understanding how 

pedagogical techniques impact attention will result in a set of “best practices” for use in 

classrooms.   Due to the direct link with practice, this research is a clear response to the 

American Society for Engineering Education’s call to “close-the-loop” between engineering 

education research and practice (Jamieson and Lohmann, 2009). 

 

1.5 Overview of Remaining Chapters  

 

Figure 1.2 provides an overview of this dissertation.  The current chapter has provided an 

introduction of the problem and motivation for the study. Chapter 2 presents the study’s 

theoretical framework, and reviews the literature relevant to classroom attention and computing. 

Chapter 3 provides an overview of the research methodology and the development of the active 

window monitoring software, the AWARE tool.  Chapters 4, 5, 6, and 7 discuss the methods and 

results for each of the four research questions.  Chapters 4 and 5 focus on validation, and 

Chapters 6 and 7 demonstrate the Active Window Method through application.  Chapter 8 

provides overall conclusions and recommendations for future work. 
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Figure 1.2. Dissertation roadmap 
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Chapter 2: Foundation for the Active Window Method  

 

 

This research is based on two main sources of literature: attention and computers in the 

classroom. First, Information Processing Theory explains that attention is a requirement for 

explicit learning (Section 2.1.1).  Furthermore, due to the limited capacity of attention, a student 

can only be attentive to one complex situation at a time (Section 2.1.4).  This forms the rationale 

for the hypothesis that “active window” is a suitable proxy for student attention in the 

technology-infused classroom.  Second, the use of computers in the classroom is supported by 

research-based pedagogical practice, including active learning  (Section 2.2.1).  While this 

theoretical framework produces the expectation of positive results when incorporating computers 

in the classroom, results from previous research studies have documented both advantages and 

disadvantages of computers in the classroom (see Table 1.1 and Section 1.1).  This dichotomy is 

due in part to limited assessment strategies (Section 2.2.2) and in part due to failure to relate 

classroom activity to student computer use (Section 2.2.3).   

 

2.1 The Importance of Attention for Learning 

 

Within the literature investigating computers in the classroom, there is a strong focus on 

student attention and inattention.  Similar to prior studies in this research area, this study is 

framed by Information Processing Theory, and follows the premise that attention is a critical 

element of the learning process.  Thus, understanding students’ in-class computer usage by 

focusing on attention is of merit. 

 

2.1.1 Information Processing Theory 

Situated within the cognitive perspective on learning are theories of information processing 

that focus on how people process, remember, and use information.  Though there are subtle 

variations within this group of theories (Ormrod, 2008), the general consensus is that (i) 

information is collected in one’s sensory register, (ii) a subset of that information moves into 
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working memory and is encoded, and, (iii) a subset of the encoded information is stored in long-

term memory (Figure 2.1). 

 

 
Figure 2.1. Information processing theory (with the dual-store memory model), based on 

(Ormrod, 2008) 

Storage in the sensory register is automatic, continuous, and brief.  According to the 

summary of Information Processing Theory presented by Ormrod, everything that is sensed is 

stored in the sensory register (automatic), humans constantly sense their environment 

(continuous), and multiple studies indicate auditory information persists slightly longer (2 to 4 

seconds) than visual information (< 1 second) (brief) (Ormrod, 2008).  Importantly, information 

in the sensory register has not been processed or encoded, and will quickly be replaced by new 

information and be erased.  Storage in the sensory register is not permanent.  

Information in the sensory register that is attended to will move into working memory where 

it can be processed or encoded.  Again, this stage of storage is not permanent; it is estimated 

information is held in working memory for less than a minute (Ormrod, 2008).  However, 

working memory is where the cognitive processes that support long-term storage (e.g., thinking) 

take place. 

At the point of long-term storage, there is debate among theorists.  Some theorists view 

working memory and long-term memory as separate units (the dual store model), while some 

view them as a single memory (see discussion in Cowan, 1995, p.118-134, and Ormrod, 2008, p. 

183-190).   

Regardless of whether a theorist subscribes to dual-store (Fig. 1) or singular memory (e.g., 

Cowan, 1995), all information processing theorists agree that attention is critical for long-

term storage and, thus, learning. To move information from the sensory register to working 
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memory, one must pay attention to the information (Cowan, 1995).  Attention is always 

discussed as a requirement for processing, especially for the encoding stage.  

 

2.1.2 Attention defined 

In defining attention, it is important to include two forms of attention commonly found in 

information processing literature.  The requirement that one “pay attention” means that one must 

orient their senses towards a stimulus (alerting) and that one must selectively focus on 

information in one’s sensory register (selective perception) (Gagne, 1977; Ormrod, 2008).   

Bringing these forms together, attention can be defined as “focused cognitive processing of 

particular aspects of the environment” (Ormrod, 2008, p. 175).  As an example, attention 

requires one to look at the words on this page and internally process the words.   

Alertness generally refers to external cues such as posture and state of readiness (e.g., 

directing senses toward stimulus).  Selective perception refers to one’s internal processes such as 

screening and organizing raw information received by the sensory register (e.g., dismissing 

background noise to focus on and process a conversation).  Although researchers are unable to 

observe internal processes, the “internal state … can often be detected by observing what 

learners are looking at or listening to” (Gagne, 1977, p. 63).  That is, by observing alertness one 

can usually infer attention in general.  

 

2.1.3 The relationship between attention and learning 

In information processing theory, there is a strong, direct link between attention and learning.  

This direct link is established in a quote from Mackintosh (1975), “The probability of attending 

to a stimulus determines the probability of learning about that stimulus” (p. 294).  Numerous 

studies have reached similar conclusions: humans learn about items to which they attend 

(Mitchell & Le Pelley, 2010; Ormrod, 2008).  

Robert Gagne has been credited with shifting the information processing discussion from the 

research lab to the practical realm of instructional design with his introduction of the Conditions 

of Learning (Gredler, 1997).  Gagne’s (1965) original theory stipulates that there are nine 

instructional events that must occur for learning to take place, the first of which involves 

obtaining the learner’s attention.  The instructional events, shown in Figure 2.2, do not guarantee 
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learning will occur, but rather they support the learner’s internal mental processes.  That is, each 

event is a necessary condition for learning to take place.   

While the theory has evolved somewhat since its introduction (Gagne, 1965; Gagne 1977), 

attention has remained an initial event.  Fleming (1987) succinctly explains why: “Quite simply, 

without attention [the first event] there can be no learning” (p. 236).  Fleming (1987) goes on to 

propose that course designers have control over attention, and recommend that they “seek both to 

obtain the learner’s attention and to keep it.” (p. 236).   

 

 
Figure 2.2. Robert Gagne's (1965) Conditions of Learning Nine Instructional Events 

 

The notion that attention is required for learning is also supported by more recent research. 

Simons and Chabris’s (1999) well-known experiments involving the “invisible gorilla” inform us 

that humans “perceive and remember only those objects and details that receive focused 

attention” (Simons & Chabris, 1999, p. 1059).  Participating in secondary tasks negatively 

affects primary task completion by introducing more errors in the primary task and requiring 

more time to complete the primary task (Bailey and Konstan, 2006).  In the classroom, learning 

is the primary task for students.  Focusing attention on secondary tasks, such as responding to 

email, negatively affects learning. 

 

2.1.4 The Limited Capacity of Attention 

There is an agreement between information processing theorists that humans have a limited 

capacity of attention.  We are unable to pay attention to all stimuli at once because we have a 

limited amount of neural energy that we can devote to processing (Mitchell & Le Pelley, 2010). 

Humans’ limited capacity of attention means that an increase in attention to one stimulus will 

result in a decrease in attention to all other stimuli.  

In their overviews, Cowan (1995) and Ormrod (2008) both explain that humans’ limited 

processing capacity, the number of stimuli being attended to, depends on how much cognitive 



16 
 

processing is required for each stimuli.  Habitual or automatic tasks require less cognitive load 

and, therefore, can be done with other tasks (e.g., driving and talking).  However, humans 

“usually cannot attend to or learn from two complex situations at the same time” (Ormrod, 2008, 

p. 176).  In the classroom context, the task of learning new material is neither habitual nor 

automatic.  Thus, inattentiveness caused by multifunctional, Internet-connected computers is of 

genuine concern. 

 

2.2 Support for Computers in the Classroom 

 

In the previous section, attention is identified as a critical and limited element in the learning 

process.  Often support for banning computers from classrooms is derived from the importance 

of attention for learning combined with the possibility of inattentiveness created by Internet 

connected computers.  The question is asked, “Why allow computers in the classroom in the first 

place?”  This section answers that question by moving beyond the negative issues associated 

with potential distraction caused by computers, and introducing computers as a facility for active 

learning pedagogy.  

 

2.2.1 Student-centered instruction: Active Learning pedagogy  

Traditionally, lectures have followed the teacher-centered model in which an instructor pours 

knowledge into students’ brains (Smith et al. 2005).  In the teacher-centered model, “students sit 

quietly, passively receiving words of wisdom being professed by the lone instructor in front of 

the class” (Halperin, 1994, p. 11-12).  Students are not actively involved in their learning.  Many 

teaching guides advise against the teacher-centered model because passive students’ attention 

begins to decline after the first 10-15 minutes of lecture (e.g., Goss, Lucas, & Bernstein, 2005, p. 

63; McKeachie, 1999, p. 62; Wankat, 2002, p. 68).  In effect, these guides argue that traditional 

lectures result in decreased learning for topics presented after the first 10-15 minutes due to 

student inattentiveness. 

As an alternative to the passive, teacher-centered model, many have advocated for a shift to 

the active, student-centered model.  Active learning is supported by cognitive and situated 

perspectives of learning where students either construct their own individual knowledge or form 
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knowledge as part of a group.  All interactions are important because they create experiences, 

which enable the formation of knowledge (Greeno, Collins, & Resnick, 1996).  Essentially, 

knowledge must be constructed, not transmitted.   

Active learning includes all instructional techniques that require students to be active and 

engaged in the learning process (Prince, 2004).  Examples include open-ended questions and 

group exercises (Weimer, 2002).  Incorporating active learning exercises has been shown to 

increase interaction between students and between students and instructors (Prince, 2004; Smith 

et al., 2005).  This increase in interaction has been tied to positive effects on learning (Smith et 

al., 2005).  With respect to attention, active learning is often touted as a solution to the 10-15 

minute limit for attention (Ormrod, 2008).  Even those who disagree with the 10-15 minute limit 

agree that attention varies during lecture and that “teachers must do as much as possible to 

increase students’ motivation to ‘pay attention’” (Wilson & Korn, 2007, p. 89). 

Especially in large lectures, researchers have proposed that instructional technology can 

facilitate active learning with increased student-teacher interaction (e.g., Barak, Lipson, & 

Lerman, 2006; Tront, 2007; Johri & Lohani, 2009).  For example, basic active learning attention 

“breaks” can be provided through the use of polling questions with interactive learning software 

(e.g., Sneller, 2007; Samson, 2010). Increased interaction can be facilitated through in-class 

work submission (e.g., Tront, 2007; Johri & Lohani, 2009), and immediate faculty feedback 

(e.g., Tront, 2007; Samson, 2010).  Collaborative or cooperative work groups can be formed 

within interactive learning software (e.g., Berque, Byers, & Myers, 2009) or by allowing 

students to collaborate on a common document such as Google Docs or OneNote (e.g., Lohani et 

al. 2007).  Each of these technology-infused pedagogical practices is designed to draw students’ 

attention back to the lecture material.  

 

2.3 Need for Analyzing Technology-Infused Instructional Interventions 

 

Although others have proposed that technology-infused instructional interventions can be 

used to draw students attention back to lecture (Section 2.2.1), fundamentally, meaningful 

interventions cannot be designed without an understanding of how students use their computers 

in the classroom.  Though previous characterizations are incomplete, inaccurate, or cannot be 
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replicated due to privacy concerns (Table 1.2), there has been some effort to relate pedagogy to 

student computer use.   

Two distinct types of computer-infused classrooms, structured-use and unstructured-use have 

previously been identified (Kay & Lauricella, 2011).  In the structured-use paradigm, every 

student is required to bring a computer to class and computers are integrated into instructional 

activities in a meaningful and deliberate manner.  Structured-use classrooms are usually 

consistent with active learning pedagogy.  In the unstructured-use paradigm, instructors may use 

computers for lecture delivery, but student computer use is neither directed nor required.  As an 

example of structured use, Lohani et al. (2007) describe how they fully integrated Tablet PC 

(TPC) computers into lecture for note taking, collaboration, and problem solving purposes.  

Students’ computer use was directed by instruction on how to use their computers productively 

with various software packages (e.g., OneNote) and through short activities during lecture.  As 

an example of unstructured use, Connor (2011) focused on students within a College of 

Engineering with a personal computer requirement.  The class was a traditional lecture format 

and students were allowed to bring computers to class.  There is no indication that the instructor 

directed or guided student computer use, nor was there indication that lecture slides were made 

available to students.  

In general, when studies contain a computer implementation consistent with the ideas of 

active learning (i.e., structured-use), those studies report a positive relationship between 

technology and learning, engagement, or student attitudes.  Kay and Lauricella (2011) noted this 

trend and conducted a study to specifically compare structured computer implementation and 

unstructured use.  Students reported that they performed more course-related activities on their 

computers when they were in classes that purposefully used laptops in active and meaningful 

ways (structured use).  Though Kay and Lauricella’s study was small-scale and relied solely on 

self-reported data, it does indicate that structured computer incorporation may lead to positive 

classroom laptop behavior.  

In light of their findings, Kay and Lauricella (2011) call for others to analyze the impact of 

specific teaching techniques on learning.  Their study did not address or compare the effects that 

specific techniques may have on student behaviors.  Kay and Lauricella (2011) list a major 

caveat of their research: “Simply increasing the frequency of laptop use [guided by the 

instructor] may not result in more productive use [by the students’]” (p. IIP-38).  Similarly, 
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certain techniques may have more or less impact on student behavior.  It is necessary to connect 

student computer use to pedagogical practice. 

Kay and Lauricella’s (2011) call is also important because not all structured-use studies 

report positive results.  In the negative-result study by Hembrooke and Gay (2003), students 

were encouraged to supplement lecture by using their laptops to browse the Internet.  For some 

students, that form of structured use appeared to open the door for additional off-task browsing.  

Hembrooke and Gay’s form of structured use produced distracted students.  Distracted students 

distract neighboring students and take student attention away from class (Fried, 2008).  Thus, 

computers in the classroom have the potential to produce large numbers of inattentive students.  

Studies investigating the relationship between attention and forms of structured technology-

infused pedagogy are necessary. 

 

2.4 Summary of Main Arguments Driving this Research 

 

Attention is an important construct to investigate in the classroom since it is a precursor to 

learning.  Based on the premise that one’s senses must be oriented towards a stimulus to receive 

the stimulus, it is hypothesized that attention in a technology-infused classroom can be measured 

by monitoring a students’ top-most, active window (RQ1: To what degree can a student’s active 

window be used as a proxy for representing in-class attention?).  Specifically, if a student’s top-

most window contains the course material, the student is paying attention.  If not, the limited 

capacity condition supports the argument that the student is not paying attention.  Cowan’s 

(1995) arguments further support this method by stating that external attention is usually related 

to internal attention.  In other words, internal attention can be inferred by observing external 

attention (active window). 

Information processing theory places much importance on the role of student attention in 

learning: although attention does not guarantee learning, attention is necessary.  Given the 

importance of attention for learning, there is an explicit need for understanding and 

characterizing how learning is impacted by in-class technology use (RQ2: How does learning 

relate to students’ classroom computer use?).   

The mixed results reported by previous research studies (Table 1.1) indicate a need to 

identify commonalities for positive-result studies and commonalities for negative-result studies. 
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This includes creating more detailed characterizations of student computer use (RQ3: What is the 

state of student attention in a technology-infused classroom?). 

A key idea in the student-centered approach is that instructors have some control over student 

attention, interaction, and engagement.  Since those concepts have been positively tied to 

learning, instructors should use techniques that promote them.  In this study, the focus is on 

attention and determining if a relationship exists between attention and technology-infused 

pedagogical practices (RQ4: How do technology-infused pedagogical practices impact student 

attention?).  
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Chapter 3: Methods 
 
 

3.1 Research Study Overview 

 
Figure 3.1. Scope of research study 

 

This study reflects a pragmatic worldview, which is a problem-driven, application-oriented 

research paradigm (Creswell, 2009, p. 10). This study uses a non-experimental, quantitative 

strategy of inquiry because it is concerned with observing and measuring variables as they exist, 

without any researcher controlled manipulation (Creswell, 2009; McMillan, 2008).  This study’s 

overarching research question’s focus on classrooms (How do students use computers in 

technology-infused classrooms?) drives the choice of non-experimental research methodology.  

Recreating the classroom environment within a controlled laboratory setting is not feasible, and, 

thus, a non-experimental research design is warranted (Johnson & Christensen, 2008). 

Similarly to previous research studies, this research (Figure 3.1) attempts to answer the 

overarching research question (How do students use computers in technology-infused 

classrooms?) by focusing on attention.  Attention was chosen due to its importance as a 

precursor to learning (Section 2.1).  While other studies have been conducted in a variety of 

contexts (Section 2.2.2), this study primarily focuses on large, technology-infused lectures with 

structured computer use.  The study was conducted in large lectures where course content is 

primarily distributed through interactive learning software.  Large, technology-infused lectures 

were purposely chosen due to the support for computers in that type of classroom (Section 2.2.1). 
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This research differs from prior work with the use of electronic monitoring and by 

operationalizing attention as the status of a student’s active window (Section 1.3.1). Collecting 

data through electronic monitoring mitigates issues with prior data collection methods (Section 

2.2.3).  Operationalizing attention as active window is based on the Limited Capacity of 

Attention (Section 2.1.4).  It is hypothesized that a student’s active window can be used as a 

proxy for that student’s attention (RQ1) and is related to learning (RQ2).  Operationalizing 

attention as a student’s active window is desirable, since solely monitoring a student’s active 

window mitigates privacy concerns (Section 3.4) and allows a researcher to effortlessly collect 

real-time attention data from essentially every student in a large lecture.  Such data allows for a 

real-time characterization of student computer use (RQ3) as well as for the exploration of 

relationships between computer use and pedagogy (RQ4). 

 

3.2 Overview of Participants 

 

The study was conducted at a large research university located in the southeast United States. 

The university’s College of Engineering (CoE) has an established computer requirement 

resulting in numerous personal computers in classrooms.  The CoE supports interactive learning 

software (currently DyKnow Vision 5.5). The software is primarily used to distribute course 

content (e.g., slides) to students, but can also be used to implement various instruction 

interventions including polls, electronic ink, and screen broadcast (DyKnow Vision, 2013). 

To gain an understanding of how students use computers in class, the research study was 

conducted in large lectures (90 to 300 students) where computers were an integral part of 

instruction (structured computer use).  Specifically, lectures were purposefully selected with the 

following selection criteria:  

1. The instructor must be comfortable with the interactive education software to mitigate 

software issues (minimum two semesters prior experience). 

2. Course content must be delivered through the interactive education software. 

3. The instructor must be willing to participate in the study. 

4. The class enrollment must be greater than 75 students. 

Data were primarily collected in multiple First-Year Engineering (FYE) lectures with 

enrollments between 120 and 250 students and taught in large auditoriums with theater-style 
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seating.  FYE lectures primarily consisted of first-year, first-semester students (i.e., freshmen) 

and met for 50-minutes one time a week.  Students were required to bring personal computers to 

class and use the interactive learning software to receive lecture content and to interact with 

instructors.  Students were given initial software training during the second week of classes.  The 

instructors actively directed student computer use throughout the lecture period with polling 

questions, active exercises, and student work submission (Mohammadi-Aragh & Williams, 

2013a).   

Additionally, some data were collected in one Statics course (~250 students) and one 

Dynamics course (90 students).  The Statics course was taught in a large auditorium with 

stadium-style seating. The Dynamics course was taught in a large classroom with flat seating.  

Student in the Statics and Dynamics (S&D) sections were primarily second-year students.  Both 

sections met for 75-minutes twice a week.  The selected instructor used a Tablet PC to distribute 

slides and lecture notes in real-time to students via interactive learning software.  Lecture notes 

were also projected in the front of the classroom.  The lecture usually began with a review of 

student selected homework problems, was followed by a short lecture covering new concepts, 

and concluded with example problems.  The instructor would use the class roster to create an 

interactive environment by randomly calling on students to assist with solving problems. 

All S&D students had previously completed the CoE FYE two-course sequence, with 

required DyKnow use described above.  At the beginning of the semester, S&D students were 

told that they could use DyKnow to capture, annotate, and save lecture content.  However, 

students were not required to use a computer, and lecture slides (i.e., the instructor’s DyKnow 

file) were posted at the conclusion of each class.  Since this research investigates student 

computer-use, only students who brought a computer to class were included in the study. 

 

3.3 Sources of Data 

 

This research involves four sources of data: 1) observed attention, 2) measured attention, 3) 

measures of learning, and 4) video record of lectures.  The four research questions are answered 

through various combinations of data sources (Table 3.1).  An overview of each data source is 

provided in this section, with additional information specific to each research question given in 

Chapters 4-7. 
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Table 3.1. Data sources used to investigate each research questions 

Question Data Source 
RQ1: To what degree can a student’s active window be used as a 
proxy for representing in-class attention? Observed attention  

RQ2: How does learning relate to students’ classroom computer 
use? 

Measured attention 
Measures of learning 

RQ3: What is the state of student attention in a technology-infused 
classroom? Measured attention  

RQ4: How do technology-infused pedagogical practices relate to 
students’ classroom computer use? 

Video record of lectures  
Measured attention  

 

3.3.1 Observed attention 

Observations of students’ behavior were used to provide a first-hand account of students’ 

attention in technology-infused classrooms.  Direct observations of student behavior are a 

frequent and recognized method for determining student attention in educational, behavioral, 

psychological research studies (Hoge, 1985; Rapport, et al., 2009).  In determining attention, 

observations may focus on general behaviors (e.g., “appropriate behavior”, “on-task”) or specific 

behaviors (e.g., “playing with an object” or “out-of-chair”).  General behaviors like “on task” are 

operationalized as “the extent to which the pupil is engaged in teacher-sanctioned activities” 

(Hoge, 1985, p. 470).  Since significant and consistent evidence exists for the validity of general 

measures, observation protocols for measuring attention should directly measure general 

behaviors or measure specific behaviors in order to make a general judgment (Hoge, 1985).   

Observations were conducted during randomly selected lectures.  Prior to the start of lecture, 

the observer would sit in a random location in the classroom, and select two students whose 

computer screens were visible.  To avoid data overlap that could occur with neighboring students 

interacting, the selected students could not be sitting next to each other. 

Observed attention was collected with naturalistic observations, which are unobtrusive, 

covert observations during which the observer blends in with participants and does not affect 

behavior.  Students were not informed that they were being observed in order to prevent changes 

in student behavior.  Observation notes were recorded on a Tablet computer similar to students’ 

computers and the screen was shielded from neighboring students.  Throughout the semester, the 

observer reported conversations with neighboring students that indicated their presence remained 
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undetected (e.g., neighbors asked homework questions such as “What did you get for question 

3?”). 

The observation protocol with sample data is shown in Figure 3.2.  The protocol guided the 

observer to document student activity (Notes), the observer’s opinion of student attention (A?), 

and the students’ top-most, active window (Window) at every minute during the lecture.  The 

observation interval choice of one-minute was set based on pilot observations.  During pilot 

observations, shorter observation intervals were tested, but only the one-minute interval 

consistently allowed for the observation of two students’ activity and attention. In nearly all 

observation periods, the instructor-assigned tasks required DyKnow software; in the few 

exceptions (e.g., when LabVIEW software was used), this information was included as a note in 

the margin of the protocol. 

Student attention (A?) was operationalized based on definitions found in literature that focus 

on visual fixation and student actions (Abikoff et al., 2002; Bear, Connors, & Paradiso, 2001; 

Hoge, 1985; Rapport et al., 2009).  Attentiveness (on-task) is indicated by visual fixation on 

task-relevant stimuli and student participation in teacher-sanctioned activities (e.g., looking at 

course content or the instructor, discussing course content, working on instructor-assigned tasks, 

or listening to the instructor).  Inattentiveness (off-task) is indicated by frequent shifts in 

activities or participation in any activity that is not task-related (e.g., sleeping, talking to 

neighbor). 

 

 
Figure 3.2. Observation protocol 
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3.3.2 Measured attention via the Active Window Method 

The Active Window Method was used to capture measured attention.  For the 

implementation of the Active Window Method in this study, the “Active Window Assessment 

for Research in Education” (AWARE) tool was developed.  An overview of the AWARE tool is 

given in Figure 3.3.  The AWARE tool consists of four parts: 1) a visual widget developed by 

DyKnow, 2) a clock gadget developed by Incomprehensibilities, Inc., 3) a Windows macro 

developed by the author, and 4) a MATLAB Optical Character Recognition (OCR) screenshot 

processing code developed by the author.  The DyKnow widget displays student on-/off-task 

behavior.  The clock gadget displays the current time in hours, minutes, and seconds for 

synchronization purposes.  The Windows macro automatically captures both the on-/off-task and 

time displays, and stores the data as screenshots.  Finally, the screenshots are processed with 

MATLAB OCR system to generate a spreadsheet containing records of individual students’ 

active windows.  The remainder of this section contains details for each AWARE component.  

 

 
 

Figure 3.3. AWARE tool 

 

The author and two faculty members approached DyKnow, the interactive learning software 

vendor for the study site, and requested that active window monitoring be integrated into their 

software.  The integration was desirable for the following three reasons:  

1 = in DyKnow 
0 = not in DyKnow 
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1. The integration requires no additional software to be installed on students’ computers.   

2. Integration limits monitoring to times when a student logs into the session initiated by the 

instructor, which ensures that monitoring only takes place during course sessions.   

3. Integration allows for the use of secure communication protocols already present in the 

software to pass information between student and instructor computers. 

DyKnow incorporated the Active Window Method via a widget in the current release of 

DyKnow Vision (www.dyknow.com/educational-software-products/interactive-learning-

software/).  The widget provides a visual depiction of student on/off-window behavior.  If a 

student’s focus window is DyKnow, they are on-task; otherwise, they are off-task.  DyKnow 

does not store the data, and only provides this information visually via red/green indicators to 

instructors (moderator accounts) (Figure 3.4).  On the test computer (Fujitsu LIFEBOOK T730), 

the visual representation shows the status for 20 students and a vertical scroll bar must be utilized 

to view additional student status.   

 
 
 
 
 

 
 
 
 
 

Figure 3.4. DyKnow’s active window widget 

 
To allow for permanent data storage, the author developed a system to automatically capture 

and process screenshots of the DyKnow visual representation.  The system leverages existing 

software applications 

 To sync on-/off-task data with a common clock, the Date & Time gadget for Windows 7 was 

installed and set to remain “always on top” so that it was captured in every screenshot.  The 

gadget was developed by Incomprehensibilities, Inc. and obtained from Microsoft (downloaded 

from http://windows.microsoft.com/en-GB/windows/downloads/personalize/gadgets in June 

2012).   The gadget includes the month, day, year, and current time in seconds (Figure 3.5).   
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Figure 3.5. Incomprehensibilities, Inc.’s Date & Time Gadget 

 
To permanently store the DyKnow widget and Date & Time gadget data, a Windows macro 

was developed to 1) automate scrolling the student listing in the DyKnow widget and 2) capture 

screenshots. The flowchart of the macro is shown in Figure 3.6.  The macro was written using 

AutoHotkey, a free, open-source utility for Windows (www.autohotkey.com/). By pressing the 

three-key escape combination (CTRL)(ALT)(q), the macro stores a screenshot, scrolls the 

student listing frame to the next set of students, captures a screenshot, and repeats this action 

until the last set of students is captured.  Then, the macro scrolls the student listing frame back to 

the initial position, and after a user-defined delay, repeats the actions required to capture 

screenshots. As an example, if the time delay equals 10 seconds and the class size equals 75 

students, the result of the macro would be a set of four screenshots representing student status, 

with a new set of screenshots captured every 10-seconds. Screenshots are continually captured 

until the escape sequence (key combination Control-Alt-q) is pressed.   
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Figure 3.6. Flowchart of AWARE Windows macro 

 
Next, the MATLAB and the image processing toolbox were used to automate screenshot 

processing and produce a spreadsheet of data for analysis using a supervised classification 

system.  Essentially, an Optical Character Recognition (OCR) system was developed to read the 

screenshot data using representative training data, and extract time, user ids, and active window 

statuses.  OCR development involved two phases: (i) training the OCR classification system, and 

(ii) deploying the system. 

The training phase of OCR development involved creating training data. Screenshots that 

contained all possible objects (letters a-z letters A-Z, numbers 0-9, an X mark, and a check mark) 

were generated.  Objects were segmented from the screenshots by cropping areas of interest, 

thresholding the areas of interest, and then using MATLAB’s built-in function bwlabel to 

identify objects within the black and white image using 8-connectivity for pixels.  Figure 3.7 

illustrates this process by color-coding individually identified objects with the jet colormap.  

Separate training data was extracted for the clock and for the student listing frame since the two 

windows used different fonts for letters and numbers.  Finally, training data were labeled with 
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their corresponding letter or number and used to generate a MATLAB template that would be 

ultimately used for correlation during the reading phase. 

 

  
(a) Date & Time Gadget (b) MATLAB object 

detection results 
Figure 3.7. Illustration of OCR code functionality 

 
The second step in OCR development involved the deployment phase: reading screenshots 

and storing data for each screenshot in a text file. In this phase, objects were extracted using the 

same thresholding and segmentation techniques as for the training data.  However, instead of a 

human labeling the objects, the system performed a correlation between the extracted object and 

all of the training data.  Since each extracted object exists in the training data, the classification 

system was simplified; a perfect correlation result (e.g., a value = 1) produced an identical match 

(i.e., classification).   

The OCR system produced a text file for each screenshot.  The text file was directly 

compared to the screenshot for error checking purposes.  One text file was generated for each 

screenshot so that direct comparisons could be easily conducted.  The corresponding text file 

listed the extracted time, followed by each student id and status that was present in the original 

screenshot.  Any time the OCR system did not produce a perfect match (e.g., correlation value ≠ 

1), the error was written to a separate error file.  These errors were exclusively the result of the 

lag in the graphics update (Figure 3.8b), and were corrected manually by observing the video 

records (Section 3.2.4). 

 

   
(a) Student listing frame 

with no errors 
(b) Student listing frame 

with update errors 
 

(c) Student listing frame 
with missing data 

Figure 3.8. Illustration of student listing errors due to graphics update and scrolling 
synchronization 
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Finally, the OCR system converted each text file into a spreadsheet for final analysis.  Recall 

that data for a given time period was captured as sets of screenshots since the window needed to 

be scrolled.  Upon reaching the bottom of the window, the system scrolled to the top of the 

window and paused for a user-specified time delay (Figure 3.6).  For each screenshot set, the 

extracted time for the first screenshot was used as the set’s time.  Then, each text file in a set was 

read to process students’ ids and statuses.  If the id was not present in the spreadsheet, the id was 

added, and the status entered at the set’s time.  This was repeated for all remaining screenshot 

sets. 

Table 3.2 illustrates sample tool output, the AWARE record, for a single course. As 

illustrated in Table 3.2, the AWARE record for each lecture consisted of an active window 

record for each individual student.  Student records consisted of binary decisions of each 

students’ attention based on relation of active window to a course’s software datum: on-task was 

coded as a 1, and off-task was coded as a 0.  Complete absence from screenshots is indicated in 

the spreadsheet by a blank (e.g., Student 1000657 in Table 3.2), and is typically due to tardiness, 

lost network connections, or leaving class early.  

 
Table 3.2. Fictitious electronic monitoring data, the AWARE record, for a lecture 

Time Student 1000565 Student 1000626 Student 1000657 … 
08/19/2013 10:00:02 1 0  … 
08/19/2013 10:00:12 1 1  … 
08/19/2013 10:00:22 1 0 1 … 
… … … … … 
 
 This data can be used to recreate timelines of each students’ active window.  Individual 

student timelines can also be combined to form average class attention timelines, which consist 

of the percentage of students on-task at each time measurement.  Attention timelines are 

calculated by summing the number of 1’s, dividing by the total number of students logged into 

DyKnow (i.e., the number of 1’s plus the number of 0’s), and then multiplying by 100 to convert 

the number to a percent.  For example, based on the data given in Table 3.2, the average class 

attention timeline would be a three element time series with data [50, 100, 67] representing the 

average attention at time measurements 10:00:02, 10:00:12, and 10:00:22. 
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 Additional statistics were calculated from the AWARE records, and those statistics are 

described in subsequent chapters when they are used. 

 

3.3.2.1 AWARE tool reliability and validity 

Reliability (i.e., consistency) is a necessary but insufficient condition for validity (AERA et 

al., 1999; McMillan, 2008). That is, for the AWARE tool to be valid or truthful, it must first 

produce reliable data. While reliability is necessary, it does not prove validity (i.e., accuracy).  

Therefore, during development, it was necessary to test the AWARE tool for both consistency 

and accuracy.  Tests of the AWARE tool were conducted in a laboratory setting during tool 

development. 

Although DyKnow developers tested their software during development, DyKnow’s on/off-

task visual representation was visually inspected for consistency and accuracy.  The test 

environment utilized one instructor computer and 20 student computers.  The top-most windows 

on student computers were changed and the on/off-task visual representation inspected for errors 

and timed for delays.  No errors were detected and the student listing updated in real-time.  The 

issue of delay was further examined in large lectures due to the significant number of student 

computers communicating with the server.  The delay was consistently less than one second, 

except in a limited number of cases where network errors were preventing server 

communication.  In these cases, all communication failed (e.g., students did not receive 

instructor annotations or slides), and the student listing update delay would mirror the network 

delay.  Since the AWARE tool was used in courses in which the University was supporting the 

interactive learning software, large network delays were rare.      

The second phase of testing included testing of the AWARE tool.  Top-most windows on 

student computers were changed at predetermined time intervals according to a script (Table 3.3) 

while the DyKnow visual representation was recorded.  Then, the AWARE tool was used to 

process the recording and generate a dataset showing window changes (Table 3.4).  The 

AWARE tool dataset was compared with the predetermined time intervals to establish the level 

of data consistency and accuracy.  There were no errors in the dataset, although it should be 

noted that the time resolution of the AWARE tool depends on the number of screenshots 

necessary to capture the number of students in the class, where each screenshot captures 20 

students. 
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Table 3.3. Script of predetermined time intervals for Student 10353 

STUDENT 10353  
Time stamp Script Expected Output 

9/13/2012 9:00:00 Start DyKnow On-task 
9/13/2012 9:00:30 Switch to Firefox Off-task 
9/13/2012 9:01:00 Switch back to DyKnow On-task 
9/13/2012 9:01:40 Switch to MATLAB Off-task 
9/13/2012 9:02:00 Switch back to DyKnow On-task 
9/13/2012 9:02:10 Switch to Solitaire Game Off-task 
9/13/2012 9:03:00 Switch back to DyKnow On-task 
9/13/2012 9:03:30 Switch to Firefox Off-task 
9/13/2012 9:03:40 -End- -End- 

 
 
 
 

Table 3.4. Fictitious AWARE tool output for Student 353 

Time Student 10353  … continued 
9/13/2012 9:00:00 1    
9/13/2012 9:00:10 1  9/13/2012 9:02:00 1 
9/13/2012 9:00:20 1  9/13/2012 9:02:10 0 
9/13/2012 9:00:30 0  9/13/2012 9:02:20 0 
9/13/2012 9:00:40 0  9/13/2012 9:02:30 0 
9/13/2012 9:00:50 0  9/13/2012 9:02:40 0 
9/13/2012 9:01:00 1  9/13/2012 9:02:50 0 
9/13/2012 9:01:10 1  9/13/2012 9:03:00 1 
9/13/2012 9:01:20 1  9/13/2012 9:03:10 1 
9/13/2012 9:01:30 1  9/13/2012 9:03:20 1 
9/13/2012 9:01:40 0  9/13/2012 9:03:30 0 
9/13/2012 9:01:50 0    

 

3.3.2.2 AWARE tool and criteria for an ideal research strategy 

The Active Window Method implementation used in this study, the AWARE tool, meets the 

criteria for an ideal research strategy given at the end of Section 1.2.  First, the AWARE tool 

only gathers pertinent information by restricting data collection to information regarding the 

course software and whether it is active or not on students’ computers.  Second, the AWARE 

tool collects information on actual student on-/off-task behavior and does not rely on self-
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reported usage.  Third, by utilizing existing, secure communication channels between instructor 

and student computers, and by leveraging the current End User License Agreement that specifies 

instructor’s computers may interact and monitor students’ computers, it is possible to perform 

data collection without fully informing the student.  Thus, data collection can be performed 

without altering student behaviors.  Fourth, by incorporating the Active Window Method into 

existing course software, no additional software installations are required and students’ 

computers are unaffected.  Finally, the AWARE tool affords privacy protections by only 

monitoring the active window, and only monitoring during time periods when an instructor has 

initiated a class session and to students who have logged into the interactive course software. 

 

3.3.3 Measures of learning 

Similarly to Hembrooke & Gay (2003) and Wood et al. (2012), quizzes were given at the end 

of selected lectures in order to measure student learning in real-time.  Although desirable to set a 

baseline, pre-tests were not used to avoid cueing students to listen for specific content during 

lecture.  Quizzes were multiple-choice and focused on material presented during the studied 

lecture period.  In information processing literature, failure to pay attention results in failure to 

store specific information (Section 2.1.1).  Thus, the quizzes were focused on the most basic 

level of knowing: recall and recognition (Bloom et al., 1956; Anderson & Krathwohl, 2001).   

 

3.3.4 Video record of class 

In conjunction with observations and collecting active window data with the AWARE tool, 

select lectures were recorded.  The recording included a screen-capture (video) of the instructor’s 

annotations and content, and an audio recording of the lecture.  Video cameras were not used to 

avoid altering student behavior.  

 

3.4 A Note on Privacy 

 

A critical element of the design of this research is to protect the privacy of the research 

subjects.  At its most basic level, the AWARE tool simply collects information detailing where a 

student is currently focusing.  The decision to collect only on/off-window information was made 
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to mitigate privacy concerns; for example, the titles/addresses of the websites that students visit 

are not recorded, thus researchers will not be privy to the specific content students are browsing. 

The decision to integrate the research idea with the existing DyKnow software was also 

driven primarily out of subject privacy concerns.  In the installation of the DyKnow software, 

students currently agree to an End User License Agreement (EULA) that provides instructors 

total control over student computers during an interactive session.  For example, in its current 

instantiation, DyKnow offers instructors the ability to take screenshots of students’ individual 

computers.  Such data is too rich and invasive: it is bandwidth intensive, it does not provide a 

parsable record for efficient data analysis, and it provides an unnecessarily detailed view of 

student computer usage.  In effect, the AWARE tool is significantly less intrusive than current 

DyKnow monitoring software, and thus easily integrated into the existing EULA.   

Although instructors can view the visual representation provided by DyKnow, to further 

protect students, neither student data nor synthesized results were released to instructors during 

active courses.  Since the active-window record was automatically generated by the AWARE 

tool (Section 3.3.2), an automated coding scheme to protect the identity of the participants (Table 

3.2) was integrated.   

Importantly, this study was conducted in full collaboration with the University’s Institutional 

Review Board (IRB).  The IRB approved all methods and use of the tool (IRB #12-558).  

Approval was granted with a waiver of informed consent for students so RQ1, RQ3, and RQ4 

could be investigated without altering student behavior by informing them of the study.  

Additional IRB approval was obtained in order to administer post-lecture quizzes (RQ2) and to 

video record instructors (RQ4).  

 

3.5 Overview of Study Design 

 

This research study is focused on both the validation and the application of the Active 

Window Method.  RQ1 and RQ2 support the validation efforts, and RQ3 and RQ4 investigate 

two distinct applications.  The research questions, the sources of data used to answer each 

question, and the primary analysis methods are summarized in Table 3.5. 
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Table 3.5. Research questions, measurement tools, and analysis method 

Question   Data  Source   Primary  Analysis  Methods  

RQ1:  To  what  degree  can  the  
active  window  on  a  student’s  
computer  be  used  as  a  proxy  for  
representing  in-‐‑class  attention?  

Observed  attention    
  

• Comparison  of  coded  observations  of  
attention  with  a  record  of  their  active  
window  to  determine  error  rate.  

• Bootstrap  analysis  to  estimate  
population  error  rate  

RQ2:  How  does  learning  relate  to  
students’  classroom  computer  use?  

Measured  attention    
Post-‐‑lecture  quizzes  

• Correlations  of  AWARE  measured  
attention  with  post-‐‑lecture  quizzes  

RQ3:  What  is  the  state  of  student  
attention  in  a  technology-‐‑infused  
classroom?  

Measured  attention    
• Descriptive  statistics  of  data  

collected  from  the  AWARE  tool  
• Hypothesis  testing  

RQ4:  How  do  technology-‐‑infused  
pedagogical  practices  impact  
student  attention?  

Video  record  of  class    
Measured  attention    

• Annotated  timelines,  before-‐‑after  
comparison  

• Intervention  time  series  analysis  
 

In Chapter 4, construct validation is investigated by directly comparing active window to 

attention (RQ1).  The observation protocol was developed based on attention literature (Section 

3.3.1).  The protocol captures both Observed Student Attention (OSA) and Observed Active 

Window Attention (OAWA), which are directly compared for each participant in order to 

determine individual error rates (Section 4.2.2) and the population error rate (Section 4.2.3). 

In Chapter 5, convergent validity is investigated by comparing active window to learning 

(RQ2).  Attention is highly correlated with learning (Section 2.1).  Thus, the investigation seeks 

to establish a similar relationship between active window and learning.  In this investigation, the 

AWARE record for each student is processed to determine their percentage of time on task, 

which is then correlated with their post-lecture quiz grade (Section 5.2). 

In Chapter 6, the potential for large-scale data collection is demonstrated through an 

application of characterizing attention in a first-year engineering course.  Research hypotheses 

are developed based on characteristics of use present in current literature (Table 6.1).  Multiple 

statistics are calculated based on students’ AWARE record (Section 6.1.4).  A characterization of 

average attention is conducted to identify patterns inherent in the data (Section 6.2.1), which is 

followed by hypothesis testing (Sections 6.2.2 and 6.2.3). 

In Chapter 7, the impact that technology-infused pedagogical practices have on attention 

timelines is explored.  Attention timelines created from AWARE records of 15 lectures are 

annotated with instructional activities (Section 7.3).  The annotated timelines are discussed and a 
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before-after analysis is conducted.  The preliminary analysis is followed by more formal time 

series modeling (Section 7.4.1) and an intervention time series analysis (Section 7.4.2). 

 

3.6 Limitations 

 

Prior to conducting this investigation, there are four known limitations. As this research 

investigation is conducted, it is expected that further limitations will reveal themselves, 

particularly through the two applications of the Active Window Method presented in Chapters 6 

and 7.  These limitations will be discussed in subsequent chapters, and summarized in Chapter 8.  

First, a discussion of the a priori limitations is necessary. 

First, a limitation of the active window research method is that active window monitoring 

can only be used to study courses where computers are infused into instruction (structured-use).  

Classroom interaction must be focused around a specific software program (e.g., interactive 

content delivery software, MATLAB, CAD) to determine whether students are paying attention.  

The current implementation of the AWARE tool further restricts the courses that can be studied 

– only courses that use DyKnow software version 5.5 can be included.  However, the Active 

Window Method can be incorporated into additional course software for future studies. 

Second, automatic electronic monitoring of attention gives the advantage that multiple 

instructors and multiple courses can be easily monitored.  This large dataset results in a broad 

understanding of student attention in technology-infused classrooms.  However, that benefit 

comes at the cost of collecting less rich data.  The data produced by the AWARE tool will only 

divulge whether a student had course software as their active window or not.  The data will lack 

details, such as window placement.  Figure 1.1c illustrates an issue where attention is unclear and 

could result in a misclassification of attention.  

Third, the Active Window Method suggests that attention is clearly defined, but that is not 

always the case.  Returning to Gagne’s (1977) quote in Section 2.1.3, attention can often be 

detected – not always detected.  In her overview of attention, Ormrod (2008) also discusses the 

difficultly in determining a person’s attention.  She points out that it is quite possible for a person 

to look at a stimulus (e.g., their computer screen) but not pay attention to the stimulus.  It is 

established that attention can be difficult to determine with rich data; collecting less rich data 
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may introduce further difficulties.  The validity testing herein will determine the degree of this 

“less rich data” limitation, but even in the event that it is a small issue, it is still a limitation.  

Fourth, and finally, the validation phase has an additional minor limitation in that 

observations are hard for novice observers because the observer does not know what they are 

looking for (Creswell, 2009).  This limitation is mitigated in this study with observation 

protocols, training, pilot observations, and multiple opportunities for final observations.   

 

 
  



39 
 

Chapter 4: Validation of the Active Window Method (Construct Validity) 
 

Previous research focused on computers in the classroom has generated a dichotomy in our 

understanding of student computer-use (Section 1.1).  This research validates a new research 

method that may improve our understanding of student computer use and resolve the dichotomy.  

The new research method, the Active Window Method, balances the need for collecting data on 

actual student behaviors (as opposed to self-reports) while simultaneously protecting student 

privacy.  The Active Window Method relies on the hypothesis that a student’s active, top-most 

window on their computer can serve as a proxy for his/her attention (Section 1.3.1).  This chapter 

directly evaluates that claim through an investigation of RQ1:  

 

To what degree can active window on a student’s computer be used as a proxy for 

representing in-class attention? 

 

The contemporary definition of validity usually refers to the appropriateness or accuracy of 

inferences or interpretations (Moskal, Leydens, & Pavelich, 2002; McMillan, 2008).  Although it 

is essential to ensure the AWARE tool produces accurate and reliable data (Section 3.3.2.1), the 

more important task is to validate that the interpretation of the data is accurate.  In other words, is 

it valid to interpret the active-window dataset as representing student attention?  To answer 

the question of construct validity, this research involves a direct comparison of a student’s active 

window with an observer’s determination of that student’s attention.  Both active window and 

the judgment of attention are obtained through in-class, naturalistic observations of student 

behavior.  

  

4.1 Methods 

4.1.1 Participants 

This investigation focused on determining the validity of the Active Window Method in 

structured-use technology-infused classrooms.    All studied classrooms used a large lecture 

format.  Data were collected in the Fall 2012 semester.  Additional participant details are given 

in Section 3.2. 
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Data were collected in six sections of a First-Year Engineering (FYE) course.  Though there 

were different instructors for the six FYE sections, each lecture used common instructional 

methods and a common set of slides.  Student computer use was structured through the use of 

various activities and interactive methods (e.g., see Mohammadi-Aragh & Williams, 2013a).  

The multiple instructors also engaged in a weekly coordination meeting during which they 

discussed the weekly lecture.  Since instructor assignments were not posted prior to the semester, 

students were not allowed to choose a specific lecture based on a desired instructor.  For these 

reasons, students enrolled in all six lectures were considered a single population. 

Data were also collected in more advanced engineering courses, one section of a Statics 

course (S), and one section of a Dynamics course (D).  These two courses covered different 

content, but had the same instructor and identical lecture format.  The lecture format consisted of 

a homework review portion, followed by a lecture on the topic of the day, and concluded with 

example problems covering the topic of the day (Mohammadi-Aragh & Williams, 2013b).  The 

instructor directed computer use in identical ways in both courses; the instructor took notes on 

DyKnow panels, which were transferred to student computers, and student note taking was 

encouraged but not required.  Due to the similarities in instructional method, the S&D sections 

were considered as a single group.   

FYE observations and S&D observations were considered as two separate groups due to 

differences in instructors’ direction of student computer use.   

 

4.1.2 Data collection procedures 

Observed attention was collected as described in Section 3.3.1.  By selecting a course in 

which every student is required to bring a computer to class, and the classroom activities are 

focused around specific software, this study has a defined datum for determining whether or not 

a student is “paying attention.”  This datum is required for the Active Window Method since on-

task is defined as the active window containing course-related software (in this case DyKnow 

Vision).   

Although a student could potentially have a web browser open and be searching for terms 

related to the class content, Information Processing Theory (Section 2.1.1), the Limited Capacity 

of Attention (Section 2.1.4), and instructor directions support the decision that the student is not 

paying attention.  Information processing literature states that one must orient their senses 
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towards a stimulus to begin processing information (Gagne, 1977; Ormrod, 2008).  This 

argument is further supported by the limited capacity of attention (Section 2.1.4), which states 

that humans can only pay attention and process one demanding situation at one time.  Thus, 

when a student is surfing the web, they are not giving focused attention to the course content 

delivered via the course software, and are not paying attention.  

Monitoring the top-most window electronically does not account for non-computer related 

activity (e.g., doodling or sleeping).  If a student were engaged in non-computer related activity, 

even though their top-most screen was a course-related window, that student would not be 

paying attention.  While an observer would see this, the monitoring tool would not.  Thus, it is 

not expected that a human observer’s dataset and the tool’s dataset will be identical.   

This purpose of this validation study is to quantify the amount of error when using active 

window as a proxy for attention.  Both type I (false positive) and type II (false negative) 

classification errors are expected.  Type I errors occur when the active window is the course 

software (on-task), but the student engaged in off-task behavior (e.g., talking to their neighbor).  

Type II errors occur when the active window is non-course software (off-task), but the student 

engaged in on-task behavior (e.g., listening and looking at the instructor).   

This investigation will determine the degree of similarity between active window and 

observed attention.  Similarity is supported by the fact that validity is not an either/or dichotomy 

(McMillan, 2008).  Therefore, the methods detailed in the following sections should result in a 

degree of validity (e.g., how valid is the tool for measuring attention?) and will allow for a report 

of limitations and error rates inherent in the electronically monitored active window data. 

 

4.1.2.1 Why observations? 

Observations are being used because information processing theory literature suggests 

observations as a method for measuring attention.  “Attending may be thought of as the initial 

event of learning, made possible by an internal state that can often be detected by observing what 

learners are looking at or listening to” (Gagne, 1977, p.63).  Observations of students’ behavior 

provide a first-hand account of students’ attention in a technology-infused classroom.  This 

account will aid in understanding the degree of dataset validity, as well as the limitations of 

electronically monitored attention. 
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Direct observations of student behavior are a frequent and recognized method for 

determining student attention in educational, behavioral, and psychological research 

studies (Hoge, 1985; Rapport, et al., 2009).  In determining attention, observations may focus on 

general behaviors, such as “on-task”, or specific behaviors, such as “playing with an object”.  

Focusing on general behaviors is recommended since significant and consistent evidence exists 

for the validity of general measures (Hoge, 1985).    

As a reminder, the full details of the observation protocol are provided in Section 3.3.1 and 

Figure 3.2.  In summary, the observer recorded student behavior (Notes) in order to answer the 

question, Is the student paying attention? (A?).  The determination of attention was a binary 

decision, yes (y) or no (n).  The observer’s notes provide support for their determination of 

student attention (Notes).  Finally, the observer recorded the active, top-most window (Window) 

on observed students’ computers.  Two students were observed in each observation session, and 

the above process was conducted at one-minute intervals throughout the entire class period. 

 

4.1.3 Analysis technique 

 For every observed participant, the observer’s perception of attention (A?) captured a timeline 

of Observed Student Attention (OSA).  The record of a student’s active window (Window) was 

analyzed to produce a timeline of Observed Active Window Attention (OAWA).  Following the 

observations, both timelines were coded with a 1 representing on-task and a 0 representing off-

task.  For OSA (captured in the A? column), this required coding y as 1 and n as 0.  For OAWA 

(recorded in the Window column), this required coding DyKnow as 1 and everything else as 0. 

As an example, for Student 1 in the observation protocol in Figure 4.1, their OSA would be 1-1-

1-0, while their OAWA would be 1-1-1-1. 
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Figure 4.1. Observation protocol with sample data and gray highlighted mismatches 

 
 For every timestamp for every participant, the OSA and OAWA were compared for 

mismatches, which are instances in the timelines where the OSA and OAWA are not equal.  A 

mismatch occurs when a student is observed to be attentive, but their active window is not course 

software (e.g., Figure 4.1: Student 2, 9:47am).  In this case, the mismatch is a type II error since 

OAWA is 0 but OSA (actual attention) is 1.  A mismatch also occurs when a student is observed 

to be distracted, but their active window is course software (e.g., Figure 4.1: Student 1, 9:48am).  

In this case, the mismatch is a type I error since OAWA is 1, but OSA (actual attention) is 0.   

Initially, observation notes were analyzed to determine the types of activities that produce 

error.  Reporting this information supports the degree of validity for this study, and establishes 

limitations of using the active window research method in other contexts. 

The degree of validity was quantified by calculating the mismatch error rate with the 

bootstrap resampling technique.  The bootstrap resampling technique uses a population sample to 

estimate the distribution of the population, which can then be used to calculate the distribution 

statistics (Efron & Tibshirani, 1993).  Bootstrap resampling is used when the underlying 

distribution is unknown and normality cannot be assumed.  In this study, the error rate (ER) was 
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calculated for each participant as the number of mismatched instances (MI) divided by the total 

number of observed instances, (OI) (Equation 4.1). 

 

𝐸𝑅   =   
𝑀𝐼
𝑂𝐼                                                                                                                                         (4.1)   

 

Using the error rates for each group, the true mean error rate for each group was estimated using 

10,000 bootstrap samples generated with replacement.  

 

4.2 Results  

 

Participants are summarized in Table 4.1.  Thirty-four observations sessions were conducted 

in eight weeks of FYE lectures.  Two students were observed during each session, providing a 

total of 68 FYE students.  One student (F06-501) was excluded from analysis because their 

computer battery died before the end of the lecture.  The FYE observations have an average of 

47 instances per observation.   

Ten observations sessions were conducted in eight weeks of Statics lectures and six in five 

weeks of Dynamics lectures.  Two students were observed during each session, providing a total 

of 32 S&D students.  Of the 32 S&D students, two were excluded from analysis due to shortened 

observations (one Statics student (S03-04) left class early and one Dynamics student’s (D03-04) 

laptop battery died).  The S&D observations have an average of 70 instances per observation. 

 
Table 4.1. Summary of participants 

Course Lecture 
Length 

Total Observation 
Periods 

Total Observed 
Students 

Exclusions Average Instances per 
Observation Period 

FYE 50 minutes 34 68 1 47 
S&D 75 minutes 16 32 2 70 
 

4.2.1 Characteristics of attentive and inattentive students 

The observation “Notes” field was analyzed to determine the characteristics of students who 

were classified as paying attention versus students classified as not paying attention.  Those 

characteristics are listed in Table 4.2 in no particular order.  The characteristics were shared with 



45 
 

instructors to verify that characteristics classifying students as “paying attention” aligned with 

instructor expectations of student on-task behavior.  Similarly, instructors were asked to verify 

that the “not paying attention” characteristics aligned with expectations of off-task behavior.  

With the exception of the differentiation between “casual doodling” and “intense doodling,” the 

instructors verified that the characteristics did align with expectations, which verified that the 

observer was reliably interpreting on-/off-task based on instructor expectations.  The issue with 

doodling was that the differentiation was not precise.  After a review of all 3,182 FYE and 2,255 

S&D observation instances, doodling was only listed as a characteristic for four instances.  

Therefore, it is concluded that the characteristics provide reliability of the observer’s 

determination of attention, as they aligned with instructor expectations and with literature-

defined protocols for attentive and non-attentive students (see Hoge, 1985; Section 3.3.1).  

 
Table 4.2. Characteristics of attentive and inattentive students 

Paying Attention Not Paying Attention 
Listening to the instructor Looking at instructor  Installing software Texting 
Taking notes Participating Talking to neighbor Spacing out 
Working in team Submitting a slide Intense doodling Surfing web 
Casual doodling Looking at handout Working homework Sleeping 
Answering Poll/Question Looking at projector Reviewing old slides Reading newsfeed 
Copying instructor’s notes Asking questions Checking email Writing report 
 

4.2.2  Participant error rates 

Reasons for mismatches (error) were determined by analyzing the “Notes” field of the 

observation protocol whenever a mismatch between OSA and OAWA was identified.  Reasons 

for mismatches are given in Table 4.3 and are ordered from most frequent to least frequent 

overall.  Using a second device to surf the web, email, or play a game (Reason B) was 

considered separate from texting (Reason C), since the length of activity was different.  Texting 

was a quick activity and usually involved no more than two consecutive mismatches.  On the 

other hand, using a second computer would result in numerous consecutive mismatches as the 

student spent considerable time on the second device.  Not participating (Reason D) included 

activities such as ignoring the discussion, not advancing the slides, and reviewing past slides in 

order to “catch up” on missed lecture content while lecture was ongoing. 

The primary and secondary sources of error were different between the two groups.  In FYE 

sections, the primary source of error was using a second device while course software was open 
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on the primary device (Reason B – 33 of 135 occurrences), and the secondary reason was texting 

(Reason C – 24 of 135 occurrences).  Both these sources of error produce false positives since 

the active window data indicates that students are paying attention, but in reality they are not.   

By far the largest source of error for S&D was students leaving a non-course window open 

(e.g., a browser window) and looking up at the instructor and lecture slides in the front of the 

room (Reason A – 98 of 141 occurrences).  This source of error produces false-negatives since 

the active window data indicates that students are not paying attention, but in reality they are 

attentive.  The secondary source of error was students with their head down or sleeping (Reason 

G – 12 of 141 occurrences). 

 
Table 4.3. Reasons for error (mismatches in OSA and OAWA) 
 Label                       Reason for Mismatches  Type Total  FYE S&D 

A.  Student left browser/email open and looked at instructor II 112 14 98 
B.  Using second device (computer/slate/phone) I 34 33 1 
C.  Texting I 30 24 6 
D.  Not participating I 24 18 6 
E.  Student is talking to neighbor with course software open I 23 14 9 
F.  Screensaver on II 20 17 3 
G.  Head is down / appears to be sleeping I 18 6 12 
H.  Student is working homework with course software open I 9 5 4 
I.  Doodling I 4 2 2 
J.  Looking up answers online II 2 2 0 
 

For each participant, the error rate, primary reason for error, and total mismatches attributed 

to the primary reason are shown in Table 4.4 (FYE) and Table 4.5 (S&D).  “Primary Reason” 

indicates a reference back to the labels given in Table 4.3.  The participant code in each table 

indicates course (F – FYE, S – Statics, D – Dynamics), and the observation week (01 – 11).  In 

Table 4.4, the FYE participant code represents the observed section (1 – 6) and then the student 

(01 or 02).  For S&D, only one section of each course was observed, so there is no section code 

in Table 4.5.  The student code indicates that the students were observed on Tuesday (01 and 02) 

or Thursday (03 and 04).  All 97 codes indicate unique participants, and the entire code (e.g., 

F05-602, F07-602) forms a single participant code..  

 The primary reason for an individual participant’s mismatches are given in Tables 4.4 and 4.5.  

The counts for the number of mismatch occurrences due to the primary reason are listed in 

parentheses next to the primary reason.    For each participant, the total Mismatched Instances 
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(MI) and Observed Instances (OI), which were used to calculate the percent error, are also given.  

These values are listed by participant and ordered by week in the tables.  As evident from the 

tables, the types of primary reasons for mismatches are distributed across all observation weeks 

and all observed sections.   

 

Table 4.4. Error rates and reasons for error in First-Year Engineering lectures 
Student MI OI Error 

(%) 
Primary 
Reason  

 Student MI OI Error 
(%) 

Primary 
Reason 

F02-601 1 47 2.1 E (1)  F05-101 5 50 10 C (3) 
F02-602 11 47 23.4 B (9)  F05-102 0 50 0 - 
F02-501 2 51 4.0 J (2)  F06-601 2 42 4.8 A (2) 
F02-502 0 52 0 -  F06-602 0 42 0 - 
F02-201 0 41 0 -  F06-502 2 36 5.6 E (2) 
F02-202 5 42 11.9 D (4)  F06-401 0 43 0 - 
F03-201 1 39 2.6 D (1)  F06-402 1 43 2.3 F (1) 
F03-202 1 39 2.6 I (1)  F06-301 4 45 8.9 C (3) 
F03-401 0 50 0 -  F06-302 4 46 8.7 C (4) 
F03-402 3 52 5.8 D (3)  F06-101 0 49 0 - 
F03-301 0 47 0 -  F06-102 20 49 40.8 B (15) 
F03-302 6 47 12.8 H (5)  F07-601 2 48 4.2 F (2) 
F03-101 0 51 0 -  F07-602 0 49 0 - 
F03-102 0 52 0 -  F07-501 0 34 0 - 
F04-601 0 49 0 -  F07-502 0 34 0 - 
F04-602 7 49 14.3 G (5)  F07-401 2 51 3.9 A (2) 
F04-501 0 50 0 -  F07-402 1 50 2 A (1) 
F04-502 1 50 2.0 D (1)  F07-301 2 44 4.5 C (1) E (1) 
F04-201 1 51 2.0 G (1)  F07-302 4 44 9.1 F (3) 
F04-202 0 51 0 -  F07-101 0 50 0 - 
F04-401 0 52 0 -  F07-102 0 49 0 - 
F04-402 1 52 1.9 F (1)  F08-401 1 52 1.9 C (1) 
F04-301 3 48 6.3 F (3)  F08-402 7 52 13.5 E (6) 
F04-302 1 48 2.1 D (1)  F08-301 0 49 0 - 
F04-101 0 51 0 -  F08-302 0 49 0 - 
F04-102 3 51 5.9 D (3)  F08-101 1 52 1.9 A (1) 
F05-601 1 51 2.0 D (1)  F08-102 3 52 5.8 A (2) 
F05-602 2 51 4.0 D (1)  F09-501 0 44 0 - 
F05-501 0 51 0 -  F09-502 0 44 0 - 
F05-502 0 51 0 -  F09-401 1 49 2.0 C (1) 
F05-401 1 51 2.0 B (1)  F09-402 0 49 0 - 
F05-402 0 51 0 -  F09-301 8 44 18.2 B (5) 
F05-301 7 45 15.6 F (7)  F09-302 3 43 7.0 C (2) 
F05-302 4 45 8.9 B (2) C (2)       

* MI = total number of mismatched instances, OI = total number of observed instances 
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Table 4.5. Error rates and reasons for error in Statics and Dynamics lectures 
Student MI OI Error 

(%) 
Primary 
Reason  

 Student MI OI Error 
(%) 

Primary 
Reason 

S01-01 6 67 9.0 E (3)  S07-01 0 72 0 - 
S01-02 3 67 4.5 E (2)  S07-02 3 72 4.2 A (3) 
S02-01 4 74 5.4 I  (2)  S11-01 10 75 13.3 A (4) 
S02-02 1 75 1.3 A (1)  S11-02 11 70 15.7 A (11) 
S03-03 6 73 8.2 A (6)  D01-03 0 72 0 - 
S04-01 5 72 6.9 H (4)  D01-04 2 72 2.8 D (2) 
S04-02 7 72 9.7 A (7)  D02-01 9 76 11.8 A (9) 
S05-01 7 75 9.3 A (7)  D02-02 4 76 5.3 C (2) 
S05-02 2 75 2.7 A (2)  D03-03 1 75 1.3 A (1) 
S05-03 4 72 5.6 C (2)  D05-01 0 70 0 - 
S05-04 15 72 20.8 A (15)  D05-02 5 70 7.1 H (4) 
S06-01 0 75 0 -  D05-03 4 64 6.3 A (4) 
S06-02 0 75 0 -  D05-04 1 66 1.5 E (1) 
S06-03 5 72 6.9 A (5)  D06-01 2 66 3.0 A (1) D (1) 
S06-04 20 73 27.4 A (17)  D06-02 4 66 6.1 A (4) 

* MI = total number of mismatched instances, OI = total number of observed instances 
 

As shown in Tables 4.4 and 4.5, a single student may account for a majority of the mismatch 

instances in a single category.  For example, participant F06-102 accounted for 15 of the 34 

mismatches due to reason B.  Therefore, instead of only considering the most common mismatch 

reasoning overall (Table 4.3), it is also beneficial to investigate the most common source of error 

by student. 

For an individual FYE student, the most common source of error was not participating 

(Reason D – 8 students), a type I error.  However, in many cases this source of error only 

produced a single mismatch (e.g., F03-201, F05-602).  The two students with 10 or more 

mismatches both used second devices.  F02-602 had 11 mismatches with 9 attributed to using a 

second computer.  F06-102 has 20 mismatches with 15 attributed to playing games on a cell 

phone.  Second devices also constitute a type I error. 

For an individual S&D student, the most common source of error was leaving a non-course 

window open (e.g., a browser window) and looking up (Reason A – 16 students), or “checking 

in” with the lecture.  The four students with more than 10 mismatches all engaged in “checking-

in” behavior, a type II error.  In the S&D case, the overall most frequent error and the most 

frequent individual student error are the same. 
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4.2.3  Estimate of mean error rates 

Using the error rates for the FYE and S&D groups, the overall mean error rate for each group 

was estimated using 10,000 bootstrap samples generated with replacement.  JMP 10 Pro was 

used to perform bootstrap sampling and analysis.  Based on the bootstrap analysis for the FYE 

data (Figure 4.2, left), the mean percent error is 4.28% and the standard deviation (estimate of 

standard error) is 0.82.  The 95% confidence interval for FYE percent error is [2.81%, 6.04%].  

The bootstrap analysis for the S&D data (Figure 4.2, right) produced a mean percent error and 

standard deviation (estimate of standard error) of 6.89% and 1.51.  The 95% confidence interval 

for S&D percent error is [4.42%, 10.17%].  While there is more error in the S&D sections, in 

both course formats, the bootstrap results provide strong evidence that active window can be 

used as a proxy for student attention.   

 

 
Figure 4.2. Bootstrap results for FYE and S&D 

 

4.2.4  Examination of differences between sections 

In Section 4.2.2, different primary error types were identified for the FYE and S&D groups, 

which indicates that it was an appropriate decision to treat FYE and S&D as two separate groups.  

To further evaluate the appropriateness of combining the FYE sections and the S&D sections, 

the error distribution for each section was calculated (Table 4.6).  Across FYE sections and the 

S&D sections we see some variation, but the 95% confidence intervals do overlap considerably.  

Note that the sample N for the bootstrap technique ranges from 6 students (FYE-2) to 19 students 
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(S).  These are fairly small samples, and a larger sample for each section would produce tighter 

confidence intervals. 

 
Table 4.6. Summary of error distributions by section 
Section N M SD Bootstrap M Bootstrap SD Bootstrap CI (95%) 
FYE-1 12 5.4 11.6 5.5 2.8 [0.98    11.8] 
FYE-2 6 3.2 4.4 4.4 0.81 [2.9      6.11] 
FYE-3 14 7.3 5.7 7.2 1.3 [4.8       9.7] 
FYE-4 14 2.5 3.6 2.2 0.86 [0.73     4.1] 
FYE-5 11 1.0 1.95 1.0 0.56 [0 .0      2.1] 
FYE-6 10 5.5 7.6 5.3 2.5 [1.0    10.8] 

S 19 7.9 7.2 8.1 1.8 [5.0    12.0] 
D 11 4.1 3.6 8.7 4.0 [3.0    17.8] 

 

To further explore the relationship between sections, the Kruskal-Wallis test, the non-

parametric equivalent of ANOVA, was used to test the hypothesis that there were no differences 

between sections for error rates (Kruskal & Wallis, 1952; Sall, Creighton, & Lehman, 2007).  

Significant differences were found for FYE, χ2(5) = 12.0, p = 0.03.  The non-parametric Steel-

Dwass post-test was used to determine pairwise differences for FYE (Dwass, 1960; Steel 1960).  

FYE-3 significantly differed from FYE-5 (p = 0.03), but neither significantly differed from any 

other section.  Referring back to the confidence intervals, it appears that rather than a true 

difference between sections, it appears that the random observations in the FYE-3 Section may 

be slightly biased with higher error, and the observations in FYE-5 may be slightly biased with 

lower error.  This could be due to the random selection process for observations. 

No significant differences were found between S and D, χ2(1) = 2.0, p = 0.15. 

 

4.3 Discussion  

 

The primary purpose of Research Question 1 was to examine the validity of using students’ 

top-most, active window as a proxy for attention.  The bootstrap technique resulted in a mean 

error of 4.28% (FYE) and 6.89% (S&D), with 95% confidence intervals of [2.81%, 6.04%] 

(FYE) and [4.42%, 10.17%] (S&D) (Section 4.2.3).  Asserting that there is an average of 

4.28% or 6.89% error inherent in the method depending on course type, this investigation 
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provides strong evidence that active window is a valid proxy for student attention.  

Validation occurred across two distinct types of computer-infused classrooms.  Student 

characteristics given in Table 4.2 and sources of error given in Table 4.3 allow for informed 

decisions regarding the appropriateness of the technique in other contexts.  

Obviously, the final determination of acceptable error rates for future contexts should be 

made in consideration with the specific research question under investigation.  However, to give 

the reader some perspective, in Kraushnaar and Novak’s (2010) investigation, which directly 

compares students’ self-reported computer use to computer use monitored by Spyware, 

established that students underreported instant messaging use by 40%.  Only 25% of students 

reported using instant messaging programs during class, but the Spyware record captured instant 

messaging use by 61% of the class.  The Active Window Method error rates established in this 

study are significantly less than the error rate for instant messaging self-reports established by 

Kraushnaar and Novak. 

The decision to treat FYE and S&D as two groups was supported by the sources of error 

observed in the two groups (Section 4.2.2).  The primary and secondary reasons for mismatches 

in one group were not the primary or secondary reasons for the other group.  This distinction did 

not appear to be due to content or instructor, as these were not found to be significant effects 

(Section 4.2.4).   

The differences in type of error and error rate across courses appear to be related to the 

instructor’s use of technology.  In FYE sections, where students were required to use interactive 

learning software, there was a higher frequency of students leaving the course software open and 

using the second device (computer or cell phone).  In S&D sections, where interactive software 

was not explicitly required, students would instead log into the software and then switch to off-

task activities on the same device.  Then, S&D students would simply “check-in” with lecture by 

glancing up at the instructor and projector.  They appeared to use the projector as a second 

monitor, and would only switch back to the course software if they decided to re-engage with the 

lecture. 

The distinction between computer-infused classes based on instructor’s use of technology has 

been previously reported as structured-use and unstructured-use classes (Kay & Lauricella, 

2010).  In this case, FYE is clearly a structured-use class with the instructors directing student 

computer usage.  However, it may be more appropriate to label S&D as semi-structured.  It is not 
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purely structured, because the instructor does not truly direct student computer usage during 

class.  However, it is also not purely unstructured classes, because that class type would involve 

students using computers while an instructor writes on a blackboard or delivers lectures without 

sending slides and annotations to students.  Regardless of the label, this study’s results provide 

evidence of different student behaviors in computer-infused classrooms, which may be due to 

differences in instructional method or course policies.  Chapter 7 directly examines whether 

pedagogy impacts average class attention.  Future studies could directly examine whether 

pedagogy impacts individual computer-use behaviors. 

Now that construct validity has been established, the investigation turns next towards 

convergent validity through an investigation of the relationship between active window and 

learning.  (See Dissertation Roadmap, Figure 1.2). 
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Chapter 5: Relationship Between Active Window and Learning (Convergent Validity) 

 

Previous research focused on computers in the classroom has shown that time off-task 

negatively correlates with academic performance measures.  For example, in Hembrooke and 

Gay’s (2003) investigation using an Internet proxy server to monitor student Internet use during 

class, time off-task negatively correlated with post-lecture quiz grades.  In Kraushner and 

Novak’s (2010) investigation using Spyware to monitor all computer use, time off-task was 

negatively correlated with final course grades.  These results are consistent with expectations 

based on Information Processing Theory that students should be unable to recall items they did 

not attend to.  Attention is a necessary and required precursor to learning (Section 2.1).  

Generally, inattentiveness negatively correlates with academic performance measures (Reed & 

Edelbrock, 1983).  Without attention, there can be no storage, and, thus, no learning.   

The investigation presented in this chapter seeks to establish convergent validity for using 

active window to measure attention by examining the relationship between learning and active 

window based on the previously established relationship between learning and attention.  That is, 

since attention is directly related to learning, convergent validity can be established if a similar 

relationship is identified between students’ active window and learning.  The work presented in 

this chapter explores RQ3:  

 

How does learning relate to students’ classroom computer use? 

 

Applying the above discussion to the present study, it is expected that a direct relationship 

exists between a student’s active window and his/her in-class performance (RQ3).  As suggested 

by Kraushner & Novak, 2010, a single lecture performance metric (e.g., post-lecture quiz) as 

used to measure learning.  The single lecture performance metrics improves upon an entire 

course performance metric (e.g., final exam grades) by removing effects from activities that 

occur outside class (e.g., additional studying).  Similar to Hembrooke and Gay’s (2003) study, a 

post-test only design was used to avoid prompting participants to pay attention to specific 

content during lecture. 
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5.1 Methods 

 

5.1.1 Participants 

Two quizzes were administered in one section of a first-semester, first-year Engineering 

(FYE-1) course in the Fall 2012 semester.  Based on results and lessons learned, one additional 

quiz was administered in two sections of a second-semester, first-year engineering (FYE-2) 

course in the Spring 2013 semester.  The FYE-1 course is a prerequisite for the FYE-2 course.  

Different instructors taught the FYE-1 and FYE-2 sections.  Both FYE-2 sections were taught by 

the same instructor, on the same day, and had identical content.  All sections were 50-minute 

lectures in large auditorium-style classrooms. Additional participant details are given in Section 

3.2. 

 

5.1.2 Data collection procedures 

This research question was investigated through the collection of active window data using 

the AWARE tool and administration of post-lecture quizzes in select lecture sessions.  Specific 

weeks for quiz administration were identified in conjunction with the course instructor.  In the 

FYE-1 section, topics included professionalism, graphing, sketching, ethics, software, and 

globalization (see Table 6.2 for distribution of class topics by week).  Quizzes were given in the 

LabVIEW lecture (W9) and the globalization lecture (W14) because (i) it was believed students 

would be less likely to have prior knowledge of the content, and (ii) quizzes later in the semester 

allowed FYE-1 students time to become familiar with the university environment and required 

software.   

After analysis of the two FYE-1 quizzes, it appeared that the questions were too general and 

the results were confounded by students’ prior knowledge.  A third quiz was designed to mitigate 

these issues and was administered in two FYE-2 sections.  The quiz was administered in the third 

week of classes (W3) and covered advanced graphing topics such as dimensioning and 

tolerancing.   

The quizzes were unannounced, but the possibility of in-class quizzes was included in the 

course syllabi.  Quizzes were administered in the last few minutes of the lecture period, 

immediately after the conclusion of the selected lectures.  Quizzes were developed in 

conjunction with lecture instructors, and all quiz content was both presented in the lecture and 



55 
 

present on the lecture slides. Consistent with information processing literature in which a failure 

to pay attention results in a failure to store specific information (Section 2.1.1), quiz questions 

focused on the most basic level of knowing: recall and recognition (Bloom et al., 1956; 

Anderson & Krathwohl, 2001).  Due to time constraints, the quizzes consisted of 5-10 primarily 

multiple-choice questions.  Quiz questions are included in Appendix A.  

The AWARE tool (Section 3.3.2) was used to collect active window data from all students 

logged into lecture sessions in which quizzes were administered.  A single researcher attended 

lecture sessions to collect data.  When the instructor initiated the session, the researcher logged 

into DyKnow Vision software as a moderator.  The AWARE tool was then initialized to record 

the active window widget embedded in DyKnow. The AWARE tool collected data from all 

students logged into the lecture sessions.  Screenshot sets were captured at 20-second intervals 

resulting in approximately 150 instances for a 50-minute lecture (i.e., active window 

measurement every 20 seconds).  Since anyone with proper log-in credentials and an Internet 

connection can log into the lecture sessions, the number of students logged into lecture sessions 

included students who logged into the class session but were not physically present in the 

classroom.  These students did not submit a quiz and are not part of the analysis. 

Since the current implementation of the Active Window Method, the AWARE tool, only 

measures “DyKnow Active” or “DyKnow Not Active” (Section 3.3.2), the researcher attending 

class noted any time period when this interpretation was invalid.  For example, in the lecture for 

the first FYE-1 quiz, the instructor gave an in-class demo of LabVIEW software.  During this 

period, “on-task” could be in LabVIEW software or in DyKnow.  The researchers’ notes were 

used to analyze AWARE records, and remove these “invalid datum” lecture portions from 

analysis.  Additionally, researcher notes were used to determine whether the presented content 

was relevant to the quiz. Significant portions of the lecture that were not relevant were excluded 

from analysis since low attention in that lecture portion would not affect learning of quiz 

material.  An example of this exclusion is an extended announcement period.  All exclusions are 

fully explained in the results section. 

 

5.1.3 Analysis technique 

The statistic On-task Percentage (On%) was used to analyze the relationship between active 

window and learning.  On% represents the percentage of time on-task for an individual student.  
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On% was calculated by dividing the number of on-task measurements (time on-task) by the total 

number of measurements (time logged in) for each student.  As an example, using the data in 

Table 5.1, On% = 5/7 = 71% for Student 100687 and On% = 2/5 = 40% for Student 100745.   

 
Table 5.1. Sample Students 100687 and 100745 AWARE records for On-Task Percentage 
(On%) calculation 

Time Student 100687 Student 100745 
10:00:00 1  
10:00:20 0  
10:00:40 0 1 
10:01:00 1 1 
10:01:20 1 0 
10:01:40 1 0 
10:02:00 1 0 

 
Student quiz scores were correlated with On%. Spearman’s correlation was used since this 

research investigates the consistency rather than the linear form of the relationship (Gravetter & 

Wallnau, 2007).  Consistency refers to the situation where the smallest On% would be paired 

with the smallest quiz grade, and as On% increases it would be paired with increasing quiz 

grades.  This relationship is not necessarily linear, so Spearman’s correlation is more appropriate 

than Pearson’s (Gravetter & Wallnau, 2007).   

Additional visualization analyses were employed to explore correlation results.  Density 

contour plots were used to visualize and understand the data distribution and understand where 

the data concentrates and where it is sparser (Hand, Mannila, & Smyth, 2001).  Finally, since 

quiz grade is proportional rather than continuous, polytomous logistic regression was employed 

to visualize the probability of quiz grade (response) over the range of attention levels (factor) 

(Chatterjee & Hadi, 2012; Hand, Mannila, & Smyth, 2001).  In a polytomous logistic regression 

plot, the difference between probability curves equals the probability of response for a given 

On% value.  
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5.2 Results  

 

Initially, two quizzes were planned for 179 students enrolled in a FYE-1 lecture in Fall 2012.  

Based on the results from the two quizzes, a third quiz was administered in two FYE-2 lectures 

in Spring 2013.  This section presents the results of the three quizzes. 

5.2.1 Quiz 1: LabVIEW Introduction quiz in FYE-1 

Of the 154 FYE-1 students attending the LabVIEW lecture session in W9, 109 students 

consented to study participation for a response rate of 71%.  The LabVIEW quiz contained 10 

questions each worth one point, for a total of 10 possible points.  The number of correct 

responses ranged from 4 to 7 (Figure 5.1) with x̄ = 7.5 and 𝜎  =  1.5.  Thirteen students (12%) 

correctly answered all 10 questions.  

 

 
Figure 5.1. LabVIEW quiz frequency plot for number of correct responses  

 

The average class attention over the LabVIEW lecture period is shown in Figure 5.2.  Gray 

shading indicates lecture portions that were excluded from active window analysis.  Over half 

the lecture (~23 minutes) was dedicated to announcements and test review.  This portion of 

lecture was excluded from the attention analysis since the material presented was not relevant to 

the LabVIEW quiz.  The LabVIEW Lecture (Figure 5.2), which is the period during which quiz 

related material was discussed using course software, was approximately 10 minutes.  The 

remainder of the lecture was a live demo of LabVIEW during which students were asked to open 

LabVIEW.  Although there is a clear datum for paying attention during the demo (i.e., LabVIEW 

software), the current implementation of the AWARE tool only specifies whether students are in 

DyKnow software or not.  That is, the AWARE tool does not provide information relating to 
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whether students actually opened LabVIEW for the demo or if they were utilizing some other 

software.  Therefore, the LabVIEW demo period was excluded from analysis.  

 

 

Figure 5.2. Average class attention using the AWARE tool for the LabVIEW lecture 

 

Using Spearman’s correlation, no correlation was found between LabVIEW quiz grades and 

the On% during the LabVIEW lecture (rs [109] = 0.00, p = 0.996).   The density plot in Figure 

5.3 shows the distribution of data.  Shaded contours represent point density, with darker areas 

indicating a higher concentration of data points and lighter areas indicating a lower 

concentration.  Curiously, a number of students had DyKnow active 0% of the time during the 

LabVIEW lecture, but correctly answered eight questions (N = 6). 
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Figure 5.3. Density plot for FYE-1 quiz 1 grades versus percent student on-task during 

LabVIEW lecture 

 
 The logistic regression plot for the LabVIEW quiz is shown in Figure 5.4, and visually depicts 

the lack of correlation.  Recall that the difference between probability curves equals the 

probability of response for a given On% value.  In this case, all probability curves (blue lines) 

are straight horizontal lines, which indicates constant probability for a given quiz score over all 

LabVIEW attention levels. 

 

 
Figure 5.4. Polytomous logistic regression for LabVIEW quiz 
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5.2.2 Quiz 2: Globalization quiz in FYE-1 

Of the 133 FYE-1 students logged into the Globalization lecture session in W14, 96 students 

consented to study participation for a response rate of 72%.  The globalization quiz contained 10 

questions each worth one point.  The number of correct responses ranged from 7 to 10 (Figure 

5.5) with x̄ = 9.6 and 𝜎  =  0.72.  Sixty-seven students (70% of the total participants) correctly 

answered all 10 questions.  

 

 
Figure 5.5. Globalization quiz frequency plot for number of correct responses 

 
The average class attention over the globalization lecture period is shown in Figure 5.6.  

Gray shading indicates lecture portions that were excluded from active window analysis.  The 

globalization lecture included a pause where students were given free time as the instructor 

waited for a tardy guest speaker.  The pause was excluded from analysis because there is no 

datum for attention.  The announcements portion of the lecture was included because Quiz 2 

included questions related to announcements. 

 

 

Figure 5.6. Average class attention using the AWARE tool for the Globalization lecture 
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No correlation was found between globalization quiz grades and the On% during the 

globalization lecture (rs [96] = 0.14, p = .170).   The density plot in Figure 5.7 shows the 

distribution of data.  Majority of the participants (N = 67 of 96) earned a perfect score on the 

quiz, as evident from the dark shading concentrated in the horizontal space representing a 10-

point score.  Interestingly, student attention levels for a perfect quiz score (10 points) were 

concentrated at the extremities, the bottom 20% (N = 19 of 67) and the top 20% (N = 23 of 67).  

 

 
Figure 5.7. Density plot for FYE-1 quiz 2 grades versus percent student was on-task during 

Globalization lecture 

 
The logistic regression plot for the Globalization quiz is shown in Figure 5.8, and visually 

depicts the lack of correlation. In this case, all the lines are not strictly horizontal, and the 

probability of scoring a five (the distance between the top of the graph and the first blue line) 

slightly increases for increasing values of attention.  However, the near horizontal nature of the 

probability lines indicates little correlation. 
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Figure 5.8. Polytomous logistic regression for Globalization quiz 

 

5.2.3 Quiz 3: Dimensioning quiz in FYE-2 

The response rates for the two FYE-2 sections were 64.7% and 68.2% (Table 5.2).  The 

FYE-2 response rates are lower than the FYE-1 response rates because the consent process took 

place during the Fall 2012 semester, and approximately 30 students in each section were not 

enrolled in the FYE-1 course during Fall 2012.   

The Dimensioning quiz contained eight total questions, with five questions scored 1-point 

each and three questions scored 0-points each for analysis purposes.  The five scored questions 

covered content, and the number of correct responses ranged from 1 to 5 (Figure 5.9).  The five 

multiple-choice quiz questions were designed with strong distractors as alternate answer choices.  

Similarly to the previous two quizzes, majority of students answered all five questions correctly 

(Figure 5.9). The two FYE-2 Sections had similar quiz score means across sections (Section 1 M 

= 4.4, SD = 0.79; Section 2 M = 4.5, SD = 0.70) (Table 5.2).   

 

Table 5.2. Response rates and means for dimensioning quiz 

Section Total 
Students 

Participants 
(N) 

Response rate 
(%) 

Quiz Score 
Mean & 
Std. Dev 

High Prior 
Knowledge 
(# students) 

Attention 
Mean (%) & 

Std. Dev 
1 187 121 64.7 4.4 (0.79) 27 79.3 (23.7) 
2 195 133 68.2 4.5 (0.70) 29 78.9 (23.0) 
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(a) Section 1 
Quiz Results 

 

(b) Section 2 
Quiz Results 

 
Figure 5.9. Dimensioning quiz frequency plot for number of correct responses 

 
The three non-scoring questions were 4-point Likert survey questions. The Likert questions 

were used to gauge students’ prior knowledge (none at all – only a little – some – a lot).  

Students were given course credit for providing answers to these questions, but the Likert 

questions do not contribute to the quiz grade for the purposes of this analysis. Twenty-seven of 

121 students (Section 1) and 29 of 133 students (Section 2) reported high prior knowledge (“a 

lot”).  Students who reported high prior knowledge (“a lot”) were excluded from 

correlation analysis.   

The average class attention over the dimensioning lecture period for each section is shown in 

Figure 5.10.  The gray shading indicates a time period when the instructor requested that students 

take a screenshot of their homework sketches and submit them through the interactive learning 

software.  To complete this request, students were required to flip between their homework 

documents and the course software.  Thus, this time period was excluded from analysis. There 

are slight variations in the presentation timing and attention levels (Figure 5.10).  The two 

lectures were taught back-to-back by the same lecturer, had identical content, and had similar 

attention distributions (Section 1 M = 79.3%, SD = 23.7; Section 2 M = 78.9%, SD = 23.0) 

(Table 5.2 and Figure 5.11).   
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Figure 5.10. Average class attention using the AWARE tool for the dimensioning lecture 

 

(a) Section 1 
Attention 

Distribution 

 
Attention 

(b) Section 2 
Attention 

Distribution 

  
Attention 

Figure 5.11. Frequency plot of average attention for each student during dimensioning quiz 
lecture 
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A significant but weak correlation was found between dimensioning quiz grades and the 

On% during the dimensioning lecture for both FYE-2 sections (Table 5.3).  The correlation has a 

small to medium effect (r = 0.01 – small effect, r2 = 0.09 = medium effect, r2 = 0.25 – large 

effect) based on criteria for evaluating the size of treatment effect in non-experimental, social 

science studies (Cohen, 1988; Gravetter & Wallnau, 2007).   

 

Table 5.3. Spearman’s correlation results for dimensioning quiz 

Section N  rs rs
2 p 

1 94 0.24 0.058 0.02* 
2 104 0.32 0.10 0.0008* 

 
The density plot in Figure 5.12 shows the distribution of data for each section.  The dark blue 

concentration in the upper, right corners of each plot (Quiz 3 Grade = 5, Attention = 100%) 

illustrate that a high concentration of students who achieved a perfect quiz score (5 out of 5), had 

near perfect attention levels. 

 

 
Figure 5.12. Density plot for quiz grades versus percent student was on-task during LabVIEW 

lecture 

 

Section 1        Section 2 
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The logistical regression plot shown in Figure 5.13 illustrates increasing probability for 

achieving a score of five with increasing attention levels, where the probability of scoring five is 

equal to the distance between the top of the graph and the top-most blue line.  The top-most and 

second lines are nearly parallel, indicating that the probability of scoring a four was unchanged 

with varying attention levels.  The probability of scoring below a four decreases with increasing 

attention levels.  The logistic regression plot visually illustrates the positive correlation between 

quiz score and attention levels (On%),  

Due to the presence of patterns in the logistic regression plots, a whole model test was 

conducted (α = 0.05) in order to determine if the model was a better fit than a model with 

constant response probabilities (SAS Institute Inc., 2008).  The Chi-square statistic examines the 

null hypothesis that On% has no effect on quiz grade.  The null hypothesis was rejected for both 

sections with χ2(1, n=94) = 6.79, p = 0.0092) for Section 1 and χ2(1, n=104) = 17.6, p < 0.0001) 

for Section 2.  It follows that On% does have an effect on the probability of achieving 

various quiz grades. 

 

  
(a) Section 1  (b) Section 2  

 
Figure 5.13. Polytomous logistic regression for dimensioning quiz 

 

5.3 Discussion  

 

According to attention literature (Chapter 2), attention is highly correlated with learning.  

After validating that active window is a proxy for attention (Chapter 4), the researcher 
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anticipated a high correlation between active window and learning.  Of the three quizzes given, 

only Quiz 3 scores were correlated with active window, and, even then, the correlation was 

weak.  Hence, the results from this study provide very limited support for a relationship between 

active window and learning.  Based on this examination, convergent validity is weak.  Multiple 

explanations for this result exist.   

First, with weak support for a relationship between active window and learning, one may 

question whether active window is a measure of attention.  Chapter 4 explored the relationship 

between active window and attention, and the results afforded strong support for active window 

as a measure of attention.  The first two quizzes were administered in lectures that were part of 

the validation study.  Though the quizzes were administered towards the end of the semester, the 

validation study results did not explicitly indicate increasing error in the relationship between 

active window and attention (Table 4.4).  The researcher does not believe that error in the “active 

window – attention” relationship fully explains the results presented in this chapter. 

Another, more plausible, explanation is that students’ prior and other knowledge may have 

impacted the study results.  For Quiz 1, six students with On% = 0% correctly answered 8 of 10 

questions correctly.  For Quiz 2, 19 students with low On% answered all 10 questions correctly.  

Since the study design did not include a pre-test, the level of prior knowledge for both quizzes is 

unknown.  Further confounding results for Quiz 1, a live demo constituted the same portion of 

time in the class period as the LabVIEW lecture.  It is probable that students with low On% for 

the lecture portion may have had high On% for the demo portion.  Unfortunately, the active 

window implementation used in this study, does not identify which off-task windows students 

are using.   The combined prior knowledge and demo knowledge constitute major issues for the 

post-test only design used in this study.   

After evaluating results from the first two quizzes, a third quiz was designed and it included 

questions to assess the level of students’ prior knowledge through self-reporting.  Quiz 3’s 

results did indicate a relationship between active window and learning when controlling for 

students’ prior knowledge (Table 5.3).  This evidence supports the argument that prior 

knowledge may be a significant issue for the post-test only design. 

A second plausible explanation is that the quiz questions were poorly designed.  The content 

presented in the FYE-1 lectures and tested on Quiz 1 and Quiz 2 did not require high cognitive 

demands.  Recall from the Limited Capacity of Attention (Section 2.1.4) that humans cannot 
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attend to more than one task at once if those tasks are cognitively demanding.  In this study, the 

researcher attempted to relate real-time attention with real-time learning, where real-time 

learning was operationalized as immediate memorization and recognition of factual knowledge.  

This basic level of learning (Bloom et al., 1956; Anderson & Krathwohl, 2001) may not require 

high cognitive demands.  Coupled with the fact that the FYE-1 course was an introductory 

course, participants may have been able to participate in off-task activities and still memorize 

and recall basic factual information.   

In parallel to the second explanation (previous paragraph), a third plausible explanation is 

that off-task students did not engage in cognitively demanding off-task behavior.  Using the 

Active Window Method and current AWARE implementation precluded the investigation of 

multitasking behaviors in this study.  Less rich data is a key limitation of the Active Window 

Method (Section 3.5).   Other studies, which do directly investigate multitasking, add support for 

this explanation.   Multiple multitasking studies have demonstrated different learning decrements 

based on the type of off-task behavior students engage in.  For example, using self-reports Junco 

(2012) showed that using Facebook and texting were negatively predictive of overall semester 

GPA, while emailing and conducting web searches were not.  In another study, Wood et al.’s 

(2012) presented experimental evidence that using Facebook and Microsoft messenger 

negatively impacted post-lecture quiz scores, while texting and emailing did not.  Lastly, in 

Hembrooke & Gay’s (2003) study, post-lecture quiz scores were related to type of browsing 

behavior rather than web browsing in general.  These examples, combined with additional 

multitasking studies, present somewhat conflicting evidence for specific off-task activities that 

are cognitively demanding and negatively impact attention.  However, what they do provide is a 

consistent indication that certain situations exist in which off-task activities may have had 

varying cognitive demands and, thus, varying impacts on learning.  The implication for this work 

is that it may be necessary to collect information on students’ off-task window (e.g., web 

browser, word processing document) to determine the specific off-task activities students are 

engaging in.  Recognizing that this study was conducted in a first-year engineering course with 

the potential for students to have extensive prior knowledge, before collecting more invasive 

data, an investigation should be conducted to determine whether the influence is truly from the 

less cognitively demanding off-task activities, or the less cognitively demanding course, or a 

combination of both.  
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Finally, a fourth plausible explanation lies in the simplified methods employed in the study’s 

design.  In this study, the constructs attention and learning, and the process of learning were all 

simplified.  Attention was operationalized into a binary definition using active window (i.e., in 

course software or not).  In reality, attention is not a simplified construct.  For example, one can 

pay attention to a stimulus (e.g., a computer screen), but fail to pay attention to the important 

parts of the stimulus (Ormrod, 2008).  Likewise, learning was operationalized as quiz score, and 

studied at its most basic level: memorization (Bloom et al., 1956; Anderson & Krathwohl, 2001).  

In reality, learning, too, is not a simplified construct, and the Active Window Method may be 

more useful when used in combination with other methods (e.g, other measures of student 

achievement).  At the university level, learning usually involves higher stages of cognitive 

processing.  Finally, the two constructs were combined and studied through a simplified learning 

process: increased attention during a class period (percentage of time with course software 

active) produces increased learning (quiz scores).  This definition captures the idea that attention 

is a requirement for storing information in memory, but it does not capture the fact that attention 

does not guarantee learning will occur.  Even if information is stored, quiz scores could be 

negatively affected by failure to properly encode or retrieve information (Section 2.1.1).   

 

5.3.1  Directions for future research 

The unexpected results have afforded the opportunity to pause, reflect on research processes, 

and offer recommendations for future research.  This study focused on learning at the micro-

scale: real-time learning in a short lecture period.  This method was chosen because it was 

anticipated that real-time attention would be most closely related to real-time learning.  Before 

proceeding with additional research regarding the relationship between active window and 

learning, the philosophical question of whether or not it is appropriate and meaningful to study 

learning on the micro-scale should be addressed.  In other words, is it significant that students are 

inattentive in lecture if they are still successful in the course?  In reality, learning is not simply 

memorizing instructors’ dialogue.  Rather, meaningful learning involves complex cognitive 

processes, such as internal organization, elaboration, repetition, and review (Ormrod, 2008).  

Attention in lecture may be a significant component of the learning process, but it is not the only 

component.  Micro-scale investigations, such as this one, may place too much emphasis on 

attention in lecture as the primary source of learning.   It may be more appropriate to study 
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attention in lecture as a single factor of a more complex learning framework.  The Active 

Window Method may be a valuable research method for exploring learning when it is combined 

with other methods.  Combining attention with other constructs (e.g., study habits, intrinsic 

motivation levels) may provide an improved framework for exploring student learning.  

In the case that student learning is not directly connected to micro-scale studies such as this 

one, it is still relevant to conduct research at this level as this research can provide feedback for 

lecture and course design (e.g., Chapter 7) that may impact overall course learning.  As long as 

lecture is a primary part of a course, it is useful to investigate lecture activities for continued 

improvement.  Therefore, the rest of this section details recommendations for improving the 

methods used in this study.   

The issues that arose in this study (e.g., unexpected in-class demo, missing guest lecturer) 

and the explanations that are provided in the discussion (Section 5.3) point to a need for a new 

study design.  Specifically, the researcher recommends:  

1. Use an experimental design. 

2. Consider alternatives to the in-lecture quiz as a measure of learning.  

3. Use real-time analysis methods with real-time data. 

First, non-experimental research is valid for describing factors, as they exist naturally, and is 

often used to study classroom environments in educational research (McMillan, 2008).  

However, without the ability to manipulate variables, non-experimental research does not 

support cause-and-effect relationships.  An experimental design would allow for a complete 

exploration of the cause-effect relationship between attention and learning.   

Additionally, the use of a non-experimental research design resulted in unanticipated events 

that likely affect study results.  In this study, the participating instructors were extremely helpful 

and flexible.  Lecture notes were provided to the researcher beforehand, and the quiz was 

developed and revised through an iterative process between the instructor and researcher.  

However, in 2 of the 3 quiz attempts, unexpected events occurred in the classroom.  For Quiz 1, 

the researcher did not fully understand the flow of lecture and did not know that a live demo of 

significant length would take place.  For Quiz 2, both the instructor and researcher were 

surprised when a guest lecturer did not show up for class.  The quiz was designed with 

consideration for the guest lecturer’s presentation, and, ultimately, the instructor walked through 

the guest lecturer’s slides.  With an experimental design, such as the 20-minute lecture followed 
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by a quiz used by Wood et al. (2002), the lecture portion and information provided to 

participants can be better controlled. 

The second recommendation arises out of issues that arose during the study due to the 

administration of a quiz with significant length and difficulty in a 50-minute lecture period.  All 

participating instructors reported that they felt rushed to finish the lecture and allow enough time 

for quiz administration.  This timing issue reduced the number of questions that were on the 

quizzes, which reduced the potential variance in quiz scores.  The timing issue also limited the 

types of quiz questions.  Out of necessity, the quiz questions were primarily multiple-choice and 

true-false questions.  The superficial nature of measuring learning by immediate fact recall 

(memorization) at the university level has been discussed above.  Investigating the relationship 

between attention and learning with the Active Window Method in more cognitively demanding 

courses may overcome some of the issues with superficial questions.  However, within the 

timing confines of lecture and a non-experimental design, it remains difficult to improve the 

question quality of in-lecture quizzes.  

The final recommendation addresses improving the analysis methods for this study.  This 

study attempted to relate real-time attention to real-time learning with an in-class quiz.  The use 

of in-class quizzes reduced effects of learning outside lecture and more closely measured real-

time learning.  Nevertheless, total quiz score may not indicate real-time learning. Failure to pay 

attention results in failure to store information at the point of inattentiveness.  More informative 

results may come from a more real-time analysis method.  For example, one could identify the 

times that quiz answers were discussed in lecture, and determine attention for that time period.  

That is, each quiz question could be related to attention during the exact time period when 

relevant content was presented in lecture. 
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Chapter 6: Characterization of Average Student Attention 

 

One of the motivating factors for exploring active window as a proxy for attention presented 

in Chapter 1 was a lack of accurate characterization of student computer use.  Recall that the 

heavy reliance on surveys where students self-report their classroom computer use resulted in 

incomplete and inaccurate characterizations (Table 1.2).  While motivating the Active Window 

Method, it was argued that the Active Window Method would allow for non-invasive, large-

scale data collection across a multitude of classrooms.  The application of the Active Window 

Method in this chapter substantiates that claim.  Specifically, the Active Window Method is 

applied to investigate student attention in technology-infused engineering classrooms, which 

falls under the descriptive research question: 

 

What is the state of student attention in technology-infused classrooms? 

 

As a result of this application of the AWARE tool, both benefits and limitations of the Active 

Window Method are identified. 

 

6.1 Methods 

 

This investigation follows a non-experimental research design with the purpose of describing 

characteristics and patterns of student attention currently present in technology-infused 

classrooms.  First, a bottom-up approach is used to uncover patterns in attention timelines and 

generate hypotheses for future investigations.  This data-driven design does not begin with 

hypotheses, and is appropriate when investigating phenomena that have not been previously 

characterized (Hand, Mannila, & Smyth, 2001; Johnson & Christensen, 2008).  Data-driven 

research is conducted in order to generate motivation for future research investigations (Hand, 

Mannila, & Smyth, 2001; Johnson & Christensen, 2008).  Thus far, without access to real-time 

attention data, classroom computing literature reflects general characterizations aggregated over 

an entire semester (e.g., 86% of students with a computer used computers for non-course related 
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activities (Connor, 2011); 28% of students self-reported use of Facebook (Junco, 2012)).  In the 

research study presented in this chapter, real-time attention timelines are visualized and analyzed 

for trends across sections and over the semester.  Attention timelines and summary statistics for 

AWARE measured attention are generated for each observed classroom.  

Second, a top-down approach is used to test two hypotheses given in Table 6.1. Each 

hypothesis is generated based on general patterns and characteristics previously reported in 

classroom computer usage literature.   Hypothesis 1 (H1) is based on the fact that researchers 

conducting computer-usage studies in structured-use classrooms often report positive student 

perceptions and behaviors (Section 2.3).  Since this study investigates computer-use in 

structured-use classes, positive behaviors are expected.    

 

Table 6.1. Research hypotheses for the investigation into the state of student attention in 
technology-infused classrooms 

Label Research Hypothesis Literature Link Statistic 

H1 
In structured-use courses, on-
task behavior will be greater 
than off-task behavior 

Kay & Lauricella, 
2011 

On/off-task percentage 
On/off-task duration 

H2 
The initial average attention 
duration period will be 10-15 
minutes. 

Many sources; e.g., 
Wankat, 2002, p. 68 

First on-task duration 
On/off-task duration 

 
 

Hypothesis 2 (H2) directly investigates the oft-repeated statement that attention begins to 

decline after the first 10-15 minutes of lecture.  This attention duration period has been 

reinforced through numerous books on teaching  (e.g., Goss, Lucas, & Bernstein, 2005, p. 63; 

McKeachie, 1999, p. 62; Wankat, 2002, p. 68).  However, in a literature review examining the 

origins of the 10-15 minute limit, Wilson and Korn (2007) found limited evidence for the limit.  

In fact, they argue that the timeframe is based on ill-defined attention studies.  As an example, 

Wilson and Korn find that some of the evidence for the limit came from investigations of note 

taking over a lecture period with the amount of note taking presumed to be an indicator of 

attention.    Overall, the evidence reviewed by Wilson and Korn leads to the conclusion that 

attention varies over a lecture period, but it is inaccurate to state students’ attention duration has 

a precise 10-15 minute limit.  H2 directly investigates the length of students’ first “on-task” 

duration to examine the accuracy of the 10-15 minute on-task duration period. Research 
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hypotheses differ from statistical hypotheses in that they are statements of expected results meant 

to drive the investigation rather than statements of relationships to be directly tested (McMillan, 

2008).  In this case, the research hypotheses were used to identify the statistics of interest and 

generate null (H0) and alternative (Ha) hypotheses.  Statistics used to investigate the research 

hypotheses include 1) on-task percentage, 2) off-task percentage, 3) on-task duration period, 4) 

off-task duration period, and 5) duration of first on-task period.  Statistics address both individual 

student characteristics and overall class averages.   

 

6.1.1 Participants 

Data were collected in three sections of a First-Year Engineering (FYE) course over multiple 

weeks in the Fall 2012 semester.  In all three sections, the instructor’s use of technology was 

classified as structured-use.   Instructors participated in weekly coordination meetings, and all 

three sections had identical lecture content.  Enrollment for Section A and B was approximately 

250 students, and Section C was approximately 180 students.  The distributions for participants 

per instructor per week and course topics per week are shown in Table 6.2.  These numbers 

represent the total number of students logged into the DyKnow Vision course session.  Data are 

missing in Weeks 8, 9, and 14 due to technology issues (e.g., Internet connection was not 

working, so the instructor proceeded with a traditional lecture). 

 
Table 6.2. Number of participants for AWARE recordings 

Week Topic Section A 
N 

Section B 
N 

Section C 
N 

W2 Engineering as a Profession 242 236 167 
W4 Graphing (Method of Selected Points) 238 231 167 
W5 Graphing (Linear Regression) 230 234 164 
W6 Sustainability 234 216 155 
W7 Ethics 217 211 149 
W8 Flow Chart 227 206  
W9 LabVIEW Intro  208 155 
W14 Globalization  157 135 
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6.1.2 Differences between sections 

Demographic and academic information was collected in order to more fully describe the 

participants and to examine differences between studied sections.  Overall, 76% of participants 

consented to the use of their demographic and academic information.  Data were obtained 

through the university’s record keeping system and included student age, the scholastic aptitude 

test (SAT) mathematics and verbal scores, Fall 2012 grade point average (GPA), cumulative 

GPA, gender, and final course grade.  Means and counts are shown in Table 6.3.  The high 

number of 18 year-old males in the data reflects the typical freshmen engineering population. 

 
Table 6.3. Demographics for participants in AWARE recording 

Variable Section A 
M(SD) 

Section B 
M(SD) 

Section C 
M(SD) 

Between Sections 
χ2(2), p 

Age 18.0 (0.504) 18.0 (0.518) 18.5 (2.63) 7.78, 0.021* 
SAT Verbal 607 (84.7) 600 (81.8) 614 (89.5) 1.92, 0.38 
SAT Math 683 (56.5) 686 (52.8) 685 (60.1) 0.0615, 0.097 

Fall 2012 GPA 3.25 (0.559) 3.15 (0.611) 3.14 (0.603) 3.35, 0.19 
Cumulative GPA 3.25 (0.558) 3.16 (0.612) 3.15 (0.599) 3.05, 0.22 

Variable  Section A 
Counts 

Section B 
Counts 

Section C 
Counts 

Likelihood Ratio 
G2(df), p 

Gender (M/F) 75/110 23/179 18/114 53.3(2), <0.0001* 
Course Grade 

(A/B/C/F) 25/116/35/6 29/109/52/9 16/69/40/6 7.01(6), 0.320 

 
Analyses were conducted to investigate demographic differences between sections.  The 

Kruskal-Wallis test, the non-parametric equivalent of ANOVA, was used to test the hypothesis 

that there were no differences between sections for continuous variables (Kruskal & Wallis, 

1952; Sall, Creighton, & Lehman, 2007).  Significant differences were found for age (Table 6.3).  

The non-parametric Steel-Dwass post-test was used to determine pairwise differences for age 

(Dwass, 1960; Steel 1960).  Section C significantly differed from Section A (p = 0.0482) and 

Section B (p = 0.0.323). Section C had a wider age range [16, 46] than the other sections [17, 

20].   

The Likelihood Ratio Chi-square test was used to test the hypothesis that there were no 

differences between sections for categorical variables (Sall, Creighton, & Lehman, 2007). 

Significant differences were found for gender (Table 6.3).  An examination of the gender counts 

shows that Section A differs with a higher female enrollment (41%) than Section B (11%) and C 
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(14%).  Based on the differences found between sections for gender and age, and the known 

differences in instructor, the three sections were analyzed separately.   

 

6.1.3 Data collection procedures 

Data were primarily measured attention, which was collected with the AWARE tool (Section 

3.3.2).  A single researcher attended lecture sessions to collect data.  When the instructor 

initiated the session, the researcher logged into DyKnow Vision software as a moderator.  The 

AWARE tool was then initialized to record the active window widget embedded in DyKnow. 

The AWARE tool collected data from all students logged into the lecture sessions.  Screenshot 

sets were captured at 20-second intervals resulting in approximately 150 instances for a 50-

minute lecture (i.e., active window measurement every 20 seconds).   

Video records of class were also captured (Section 3.3.4).  The videos were captured with 

Camtasia Studio.  The videos included the instructors’ panels and electronic ink annotations, and 

included instructor audio.  The video records were captured on the same computer running the 

AWARE tool, and included the Date & Time Gadget (Section 3.3.2) for synchronization 

purposes. 

 

6.1.4 Statistic calculations 

Statistics were calculated from the AWARE records for individual students and for class 

averages.  Due to the Active Window Method implementation used in this study, the AWARE 

records actually indicate “in DyKnow / not in DyKnow” (i.e., 1 or 0).  To ensure this definition 

translates to “on-task / off-task,” video records were analyzed to identify inconsistent periods in 

lecture timelines (e.g., live demo when students may have other software open).  Data for these 

periods were excluded from analysis and statistic calculation.  Video records (Section 3.3.4) 

were also used to determine the precise time the instructor started and ended lecture.  Data 

outside that range were excluded. 

For individual students in each lecture, statistics of interest were calculated in MATLAB 

according to the equations and procedures in Table 6.4.  Student statistics are calculated for each 

student across the time dimension.  Statistics include: 
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• the percentage of time that each student is on-task (On%) and off-task (Off%), 

• measures of the average length of time that a student is on-task (OnDur) and off-task 

(OffDur), and 

• the length of time that a student initially stays on-task (1stOnDur).   

 

1stOnDur is calculated by determining the first time a student has DyKnow active, and 

measuring the length of time that DyKnow remains active.  1stOnDur is not calculated from the 

start of lecture for two reasons.  First, students typically logged into DyKnow and then flipped to 

off-task activity until the lecture started. Second, other students logged into DyKnow after the 

lecture started.  In both cases, these students would not be considered on-task when lecture 

began, but would usually switch to on-task within the first minute of lecture.  Due to these 

startup issues, 1stOnDur is calculated from the time that the student first comes on-task during 

the lecture. 

 

Table 6.4. Equations and procedures for calculating statistics for individual students 

Student 
Statistic Description Equation / Procedure 

On% 
Percentage of instances 
that are on-task (1) in a 
student’s AWARE record 

#  1𝑠!"#$

#1𝑠  𝑎𝑛𝑑  0𝑠!"#$
                      (6.1) 

Off% 
Percentage of instances 
that are off-task (0) in a 
student’s AWARE record 

#  0𝑠!"#$

#1𝑠  𝑎𝑛𝑑  0𝑠!"#$
                    (6.2) 

OnDur 
Average on-task duration 
period in a student’s 
AWARE record. 

1. Find all consecutive 1s segments. 
2. For each segment, subtract the start and end 

index to determine the length. 
3. Average the lengths. 

OffDur 
Average off-task duration 
period in a student’s 
AWARE record 

1. Find all consecutive 0s segments. 
2. For each segment, subtract the start and end 

index to determine the length. 
3. Average the lengths. 

1stOnDur 
Duration of first on-task 
period in a student’s 
AWARE record 

1. Find the location of the first 1 (index1). 
2. Starting from the index of the first 1, find the 

location of the first 0 (index0). 
 

(𝑖𝑛𝑑𝑒𝑥0− 𝑖𝑛𝑑𝑒𝑥1) ∗ 20  𝑠𝑒𝑐𝑜𝑛𝑑𝑠 
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Lecture statistics were calculated according to the equations and procedures in Table 6.5.  

Time series were calculated across the student dimension by determining the percentage of on-

task students for every time measurement (AvgLectureOn).  For each lecture, distributions were 

calculated for students’ percentage on-task and duration lengths. 

 
Table 6.5. Equations and procedures for calculating average statistics for a lecture 

Lecture 
Statistic Description Equation / Procedure 

AvgLectureOn 

Average class attention time 
series indicating the percentage 
of instances that are on-task (1) 
for a given time record 

For a given time, t: 
 

𝑎𝑣𝑔𝐿𝑒𝑐𝑡𝑢𝑟𝑒𝑂𝑛 𝑡

=
#  1𝑠!"#$%&"!

#1𝑠  𝑎𝑛𝑑  0𝑠!"#$%&"!
                    (6.3) 

LectureOn% Distribution of all students’ 
On% for a given lecture 

For a given lecture, calculate mean (M), 
median (Mdn), and standard deviation (SD) 
for On% 

LectureOnDur Distribution of all students’ 
onDur for a given lecture 

For a given lecture, calculate mean (M), 
median (Mdn), and standard deviation (SD) 
for onDur 

LectureOffDur Distribution of all students’ 
offDur for a given lecture 

For a given lecture, calculate mean (M), 
median (Mdn), and standard deviation (SD) 
for offDur 

Lecture1stOn Distribution of all students’ 
1stOnDur for a given lecture 

For a given lecture, calculate mean (M), 
median (Mdn), and standard deviation (SD) 
for 1stOnDur 

 

6.1.5 Analysis of student attention 

The initial exploration of student attention involved a descriptive analysis to report common 

characteristics present in the data.  Average class attention (AvgLectureOn) was plotted per week 

per instructor, and the timelines were visually inspected for trends.  Linear regression was used 

to quantify trends as a function of time.  

H1 (In structured-use courses, on-task behavior will be greater than off-task behavior) was 

investigated through an exploration of each section’s average on-task percentage and individual 

student characteristics.  First, it was anticipated that the average on-task percentage 

(LectureOn%) for the entire lecture period would be greater than 50% (e.g. more on-task 

behavior) (Ha).  Second, it was anticipated that the average on-task duration period 

(LectureOnDur) for the entire lecture period would be greater than the average off-task duration 
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period (LectureOffDur) (Ha).  These expectations lead to the development of two directional null 

hypotheses: 

 

(i) Percentage time on-task is less than or equal to 50% (H0: MOn% ≤ 50%). 

(ii) Average on-task duration period is less than or equal to average off-task duration 

period (H0: MOnDur ≤ MOffDur → H0: MOnDur - MOffDur ≤ 0). 

 

The Shapiro-Wilk W-test indicated that the data were significantly non-Normal.  Therefore, the 

Wilcoxon Rank Sum test (nonparametric for t-test equivalent) and the Wilcoxon Signed Rank 

(nonparametric paired t-test equivalent) were used (Sall, Creighton, & Lehman, 2007; Wilcoxon, 

1945). Wilcoxon tests investigate differences in the median rather than the mean. 

Individual student characteristics were used to investigate H1 through a count of on-task 

students.  With regards to percentage time on/off-task, on-task students are defined as those with 

an individual On% that is greater than their Off%.  With regards to attention duration period, on-

task students are defined as those with an individual OnDur greater than their OffDur.  Both 

these definitions were explored with contingency tables to determine if they provided similar or 

different classifications. 

H2 (The initial average attention duration period will be 10-15 minutes) (Ha) was 

investigated by calculating the duration of students’ first on-task period  (1stOnDur).  1stOnDur 

is calculated by determining the time between the first on-task instance and the first off-task 

instance.  That is, the 1stOnDur is the time from when a student is first attentive to lecture to 

when they are first inattentive.  The distribution lecture1stOn, which is the distribution of 

individual students’ 1stOnDur, was compared to the 10-15 minute interval present in literature.  

Again, the null hypotheses are directional: 

 

(iii) First on-task duration is less than or equal to 600 seconds (H0: M1stOn ≤ 600) and 

greater than or equal to 900 seconds (H0: M1stOn ≥ 900). 

 

Individual student frequency counts for 1stOnDur, OnDur, and OffDur were calculated using the 

three categories (a) <10 minutes, (b) 10-15 minutes, and (c) >15 minutes.  Again the Shapiro-

Wilk W-test indicated that the data were significantly non-Normal.  Therefore, the Wilcoxon 
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Rank Sum test (the nonparametric for t-test equivalent) (Sall, Creighton, & Lehman, 2007; 

Wilcoxon, 1945), was used to investigate differences in the median rather than the mean. 

 

6.2 Results  

6.2.1 Summary of average class attention 

Attention timelines per lecture per week are plotted in Figure 6.1 and the time series mean, 

standard deviation, and number of measurements are given in Table 6.6.  Recall that the sections 

are similar on demographic variables except age (Section C) and gender (Section A). Each 

lecture time series is plotted with the series mean (Figure 6.1).  For a given week, the lecture 

time series have no noticeable linear trend.  All the series appear to be near stationary; the series 

generally hover around a constant mean and do not show an overall increase or decrease over 

time.  When inspecting timelines across sections for a given week, no common pattern exists.   

 
Table 6.6. Means and standard deviations for average class attention timelines per lecture 

Week 
Section A AvgLectureOn 

M (SD) 
# time measurements 

Section B AvgLectureOn 
M (SD) 

# time measurements 

Section C AvgLectureOn 
M (SD) 

# time measurements 

W2 86% (7) 
134 

91% (7) 
154 

92% (8) 
160 

W4 76% (11) 
152 

87% (5) 
148 

85% (8) 
147 

W5 74% (12) 
148 

83% (5) 
151 

76% (9) 
153 

W6 60% (8) 
147 

76% (8) 
124 

78% (9) 
107 

W7 59% (11) 
146 

73% (7) 
152 

69% (11) 
102 

W8 62% (14) 
146 

74% (7) 
154  

W9  71% (8) 
147 

68% (9) 
99 

W14  66% (6) 
153 

51% (8) 
100 

 
There are multiple deviations from the mean that can be observed in 6.1.  For example, in 

W6 Section A, there are three sharp increases in on-task behavior.  In W2 Section B, there are 

two drops in on-task behavior.  In W4 Section A, there is a large increase in on-task behavior 
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towards the end of the timeline.  These changes indicate the possibility that an outside event is 

affecting the time series.  In fact, based on a review of videos, instructors did often utilize some 

type of active exercise to draw students back to lecture.  (Chapter 7 discusses pedagogical effects 

on attention.)  For the timelines presented in Figure 6.1, only W4 Section B had no pedagogical 

intervention.  

  



82 
 

 

 

 

 

                  Figure 6.1. Average class attention time series (AvgLectureOn) per 
section per week 
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Inspecting the time series over the course of the semester results in the identification of a 

significant trend.  Referring to the visual mean representation in Figure 6.1 and the numerical 

listing of means in Table 6.6, a consistent decrease in average class attention over the 

semester is observed for all three Sections.  The results of a linear regression analysis quantify 

this negative trend and are listed in Table 6.7.  For all class sections, there was a significant (p < 

.001) negative trend for average class attention over the entire first-year, first-semester lecture.  

Time has a large effect on average class attention (R2
A = 0.33, R2

B = 0.49, R2
C = 0.61) based on 

criteria for evaluating the size of treatment effect in non-experimental, social science studies 

where R2 = 0.01 indicates a small effect, R2 = 0.09 indicates a medium effect, and R2 = 0.25 

indicates a large effect (Cohen, 1988; Gravetter & Wallnau, 2007). 

 
Table 6.7. Linear regression results per section 

Section Equation R2 p 
A  0.33 < .001* 
B  0.49 < .001* 
C  0.61 < .001* 
 
The linear regression results for each section over the entire semester are visually represented 

in Figure 6.2, and the overall negative trend is apparent.  To be clear, linear regression was 

performed as part of a trend analysis, and it is not suggested that attention in lecture follows a 

strictly linear trend.  On the contrary, the lecture timelines plotted in Figure 6.1 do not indicate a 

negative trend during each lecture. This is also evident in Figure 6.2, which has substantial 

variation both above and below the fitted line.  Therefore, linear regression indicates a significant 

negative trend over a semester with a large effect size for time, but it would be naïve to use the 

equations given in Table 6.7 to predict average attention at a given time.   

  

avgLectureOn = 0.86− 0.00028× time
avgLectureOn = 0.89− 0.00014× time
avgLectureOn = 0.92− 0.00022× time
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Section A – AvgLectureOn 

 
Section B – AvgLectureOn 

 
Section C – AvgLectureOn 

 
Figure 6.2. Average class attention per Section over a semester 

 

6.2.2 H1: On-task vs. off-task behavior 

Differences between on-task and off-task behavior were explored in 21 lectures based on H1 

(In structured-use courses, on-task behavior will be greater than off-task behavior).  The mean 

(M), standard deviation (SD), and median (Mdn) for students’ on-task percentage per lecture 

(LectureOn%) are given in Table 6.8.  Similarly to the time series means (Table 6.6), the 

LectureOn% M declines as the semester progresses in all three class sections.  The large SDs 

indicate a wide range of individual student attention levels, and the data does contain student 

On% values ranging from 0% to 100% for every lecture.  Since the M is affected by these 

extreme values, the LectureOn% Mdn is reported to give a clearer picture of the central tendency 
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of the data.  In all cases, the LectureOn % Mdn is greater than the LectureOn % M, indicating a 

left skew caused by students with a low LectureOn %.  With one exception (W14 – Section C), 

the LectureOn % M and LectureOn % Mdn are greater than the hypothesized value of 50%.  

With one exception (W14 – Section C), results from the Wilcoxon Sum Rank Test indicate that 

LectureOn % Mdn is significantly greater than 50% (p < .0001).  That is, in 20 of 21 lectures, on-

task behavior was significantly more than 50%. 

 
Table 6.8. Percentage of time on-task per lecture 

Week 
Section A LectureOn% 

M (SD) Mdn 
# students 

Section B LectureOn% 
M (SD) Mdn 

# students 

Section C LectureOn% 
M (SD) Mdn 

# students 

W2 81% (16) 87% * 
242 

91% (11) 94% * 
236 

92% (9) 95% * 
167 

W4 77% (24) 85% * 
238 

86% (19) 94% * 
231 

85% (17) 90% * 
167 

W5 74% (24) 82% * 
230 

83% (22) 91% * 
234 

76% (22) 82% * 
164 

W6 60% (33) 68% * 
234 

76% (24) 85% * 
216 

72% (23) 80% * 
155 

W7 59% (31) 59% * 
217 

73% (27) 84% * 
211 

69% (26) 75% * 
149 

W8 62% (27) 69% * 
227 

74% (25) 81% * 
206  

W9  72% (27) 79% * 
208 

67% (30) 76% * 
155 

W14  66% (32) 79% * 
157 

49% (37) 50% 
135 

* lectureOn% Mdn is greater than 50%, p < .0001 
 

In addition to a high percentage of students on-task, it was anticipated that the average on-

task duration period for the entire lecture period (LectureOnDur) would be greater than the 

average off-task duration period (LectureOffDur).  The mean (M), standard deviation (SD), and 

median (Mdn) for students’ on-task duration and off-task duration per lecture are given in Table 

6.9.  Large standard deviations are again observed, indicating a wide range of on-task duration 

periods.  That is, the average length of individual students’ onDur period can be the entire lecture 

(~150 measurements or 3000 seconds), a single measurement (20 seconds), or anywhere in 

between those extremes.  This same reasoning applies to the length of students’ offDur period. 
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Table 6.9. Means and standard deviations for average class attention per lecture 

Week 

Section A 
LectureOnDur  M(SD) Mdn 
LectureOffDur  M(SD) Mdn 
   difference     M(SD) Mdn 

N 

Section B 
 LectureOnDur M(SD) Mdn 
LectureOffDur  M(SD) Mdn 
   difference     M(SD) Mdn 

N 

Section C 
 LectureOnDur M(SD) Mdn 
LectureOffDur  M(SD) Mdn 
   difference     M(SD) Mdn 

N 

W2 

659s (523) 530s 
118s (66) 100s 

542s (514) 460s * 
242 

912s (742) 700s 
60s (62) 50s 

851s (764) 639s * 
236 

809s (560) 695s 
56s (41s) 43s 

753s (573) 637s * 
167 

W4 

865s (829) 608s 
153s (173) 105s 

712s (908) 451s * 
238 

1291s (1041) 940s 
102s (218) 55s 

1190s (1118) 803s * 
231 

921s (818) 655s 
93s (87) 70s 

828s (846) 540s * 
167 

W5 

718s (723) 468s 
157s (164) 115s 

562s (793) 345s * 
230 

925s (847) 668s 
138s (315) 72s 

787 (968) 557s * 
234 

710s (725) 458s 
150s (249) 100s 

560s (826) 325s * 
164 

W6 

557s (678) 314s 
274s (370) 150s 

282s (871) 153s * 
234 

744s (707) 523s  
143s (192) 89s 

601s (774) 406s * 
216 

550s (486) 400s 
151s (145) 110s 

399s (504) 295s * 
155 

W7 

537s (641) 280s 
239s (220) 187s 

299s (751) 68s * 
217 

811s (944) 397s 
125s (202) 84s 

686s (1014) 302s * 
211 

566s (607) 313s 
131s (133) 100s 

435s (650) 154s * 
149 

W8 

404s (418) 268s 
216s (243) 137s 

188s (535) 118s * 
227 

622s (786) 315s 
131s (172) 77s 

491s (843) 233s * 
206 

 

W9  

707s (828) 377s 
163s (286) 88s 

544s (937) 244s * 
208 

622s (613) 393s 
169s (180) 116s 

452s (711) 214s * 
155 

W14  

867s (942) 510s 
265s (333) 145s 

602 (1095) 271s * 
157 

468s (537) 250s 
538s (620) 240s 

-70s (993) 15s x 
135 

* onDur is greater than offDur (the difference is greater than 0), p < .0001 
x p = 0.79 
 

The Wilcoxon Signed Rank test was used to test the difference between the matched 

LectureOnDur and LectureOffDur pairs (H0: MOnDur ≤ MOffDur → H0: MOnDur - MOffDur ≤ 0).  The 

difference between matched pairs was calculated as differencen = onDurn – offDurn, where n 

represents an individual student.  With one exception (W14 – Section C), the median difference 

was significantly greater than zero (p < .0001) indicating that the average duration of time on-
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task was significantly greater than the average duration of time off-task.  That is, in 20 of 21 

lectures, the data reflects significantly more on-task behavior than off-task behavior. 

Individual student characteristics were used to investigate H1 through a count of on-task 

students.  With regards to percentage time on/off-task, on-task students are defined as those with 

an individual On% that is greater than their Off%.  The counts are given in Table 6.10.  Again, in 

all classrooms except W14 Section C, more students are classified as on-task than off-task.  The 

data in Table 6.10 also illustrates that as the semester progresses, fewer students attend lecture.  

 
Table 6.10. Counts (and percent of total) of on-task and off-task students per lecture 

Week 

Section A  Section B  Section C  
on-task     off-task on-task off-task on-task off-task 

Non 
% of 
total Noff 

% of 
total Non 

% of 
total Noff 

% of 
total Non 

% of 
total Noff 

% of 
total 

W2 225 (93%) 17 (7%) 234    (99%) 2  (1%) 166     (99%) 1  (1%) 
W4 200 (84%) 38 (16%) 217    (94%) 14 (6%) 155     (93%) 12 (7%) 
W5 188 (82%) 42 (18%) 213    (91%) 21 (9%) 141     (86%) 23 (14%) 
W6 145 (62%) 89 (38%) 173    (80%) 43 (20%) 130     (84%) 25  (16%) 
W7 127  (59%) 90 (41%) 157    (74%) 54 (26%) 111     (74%) 38 (26%) 
W8 151 (67%) 76 (33%) 171    (83%) 35 (17%)  
W9  157    (75%) 51 (25%) 110  (71%)   45 (29%)  
W14  109    (69%) 48 (31%) 67 (50%) 68 (50%) 
 
 

6.2.3 H2: Attention duration period 

The length of students’ first on-task period (1stOnDur) was examined in 21 lectures based on 

H2 (The initial average initial attention duration period will be 10 to 15 minutes [600 to 900 

seconds]).  The mean (M), standard deviation (SD), and median (Mdn) for students’ 1stOnDur 

distribution (lecture1stOn) are given in Table 6.11.  

Similarly to the analysis of the onDur presented in Section 6.2.3 and Table 6.9, there exists 

wide variation (large SDs) for the length of students’ first on-task period.  At first glance, means 

for Section A (W2 and W4), Section B (W2, W4, W5, W6, W7, and W14) and Section C (W2, 

W4, and W5) appear to fit within the range of 10 to 15 minutes (600 to 900 seconds).  However, 

none of the medians are within the range, and in no case were both one-sided Wilcoxon Rank 

Sum tests significant (Table 6.12).  Note that both H0 for a given lecture would need to be 
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rejected for the 10-15 minute range to be confirmed. In 19 of 21 cases, the data did not support 

rejection of the null hypothesis that 1stOnDur is less than or equal to 10 minutes (600 seconds).  

That is, the data do not support the claim that students initially pay attention to lecture for 10 to 

15 minutes (600 to 900 seconds).  Instead the duration of students’ first attentive span is usually 

less than 10 minutes.  This result is supported by the time series presented in Figure 6.1.  There 

does not appear to be a consistent decrease in attention at the 10-15 minute mark. 

 

Table 6.11. Mean, standard deviation, and median of first on-task duration per lecture 

Week 
Section A Lecture1stOn  

M (SD) Mdn 
N 

Section B Lecture1stOn 
M (SD) Mdn 

N 

Section C Lecture1stOn 
M (SD) Mdn 

N 

W2 736s (909) 320s 
242 

622s (879) 160s 
236 

912s (910) 520s 
167 

W4 697s (970) 220s 
238 

1192s (1201) 500s 
231 

750s (962) 280s 
167 

W5 515s (787) 220s 
230 

797s (991) 360s 
234 

633s (807) 330s 
164 

W6 387s (746) 100s 
234 

681s (835) 260s 
216 

557s (658) 260s 
155 

W7 334s (660) 100s 
217 

749s (71) 220s 
211 

488s (659) 180s 
149 

W8 222s (426) 80s 
227 

490s (826) 180s 
206  

W9  597s (879) 180s 
208 

568s (667) 200s 
155 

W14  730s (1031) 200s 
157 

490s (592) 200s 
135 

 
  



90 
 

Table 6.12. Testing to determine if the first on-task period is 10-15 minutes 

Week 
Section A  Section B Section C 

H0:  
1stOn ≤ 600 

H0:  
1stOn ≥ 900 

H0:  
1stOn ≤ 600 

H0:  
1stOn ≥ 900 

H0:  
1stOn ≤ 600 

H0:  
1stOn ≥ 900 

W2 p  = .9588 p < .0001* p = .9969 p < .0001* p = .0110* p =.3375 
W4 p  = .9957 p < .0001* p < .0001* p  = .9981 p  = .9387 p < .0004* 
W5 p = 1.0000 p < .0001* p  = .9481 p < .0001* p  = .9978 p < .0001* 
W6 p = 1.0000 p < .0001* p  = .9047 p < .0001* p  = .9982 p < .0001* 
W7 p  = 1.0000 p < .0001* p  = .9539 p < .0002* p  =.9999 p < .0001* 
W8 p  = 1.0000 p < .0001* p = 1.0000 p < .0001*  
W9  p = 1.0000 p < .0001* p  = .9815 p < .0001* 
W14  p  = .9820 p < .0006* p = 1.0000 p < .0001* 

* Reject H0 
 

To provide perspective for students’ actual on-/off-task duration periods, students grouped 

based on three duration lengths: duration less than 10 minutes (600 seconds), duration between 

10 and 15 minutes (600 and 900 seconds), and duration greater than 15 minutes (900 seconds).  

Tables 6.13-6.15 list the percentage of students for each section and week that were assigned to 

the three categories for each duration measure (1stOnDur, OnDur, and OffDur).  To aid the 

reader in obtaining an overview of the data, the percentage distribution is visualized in Figures 

6.3-6.5.  In the figures, blue indicates durations less than 10 minutes (<600 seconds), red 

indicates durations between 10 and 15 minutes (600 and 900 seconds), and green indicates 

durations longer than 15 minutes (900 seconds).  Across all three class sections, it is evident that 

only a small percentage of students’ 1stOnDur fall within the 10 to 15 minute range (Figure 6.3).  

Investigating onDur, the average on-task duration period for each student throughout a single 

lecture (Figure 6.4), majority of students fall above the 10 to 15 minute range.  For offDur, the 

average off-task duration for each student over a single lecture (Figure 6.5), the majority of 

students fall below the 10 to 15 minute range.  That is, the typical student is on-task for more 

than 15 minutes at a time, and off-task for less than 10 minutes at a time.   

The negative semester trend identified in Section 6.2.1 is also apparent.  As the semester 

progresses, the average length of students’ OnDur decreases; the green area representing OnDur 

> 15 minutes decreases (Figure 6.4).  Similarly, Figure 6.5 illustrates increasing off-task 

durations throughout the semester. 
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Table 6.13. 1stOnDur grouping based on duration length 

1stOnDur 
 by Section 

Week 

W2 W4 W5 W6 W7 W8 W9 W14 

Se
ct

io
n 

A
 >15 mins 

10-15 mins 

<10 mins 

52% 

10% 

39% 

42% 

11% 

47% 

39% 

16% 

45% 

21% 

8% 

71% 

18% 

15% 

66% 

16% 

10% 

74% 

  

Se
ct

io
n 

B
 >15 mins 

10-15 mins 

<10 mins 

35% 

8% 

56% 

58% 

8% 

33% 

56% 

9% 

34% 

46% 

10% 

44% 

40% 

12% 

48% 

38% 

9% 

53% 

40% 

8% 

52% 

44% 

6% 

50% 

Se
ct

io
n 

C
 >15 mins 

10-15 mins 

<10 mins 

61% 

8% 

31% 

48% 

11% 

41% 

52% 

12% 

37% 

45% 

8% 

47% 

37% 

9% 

54% 

 

45% 

7% 

48% 

43% 

7% 

50% 

 
 

 
Figure 6.3. Categorized students based on 1stOnDur for all Sections 
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Table 6.14. OnDur grouping based on duration length 

OnDur 
 by Section 

Week 

W2 W4 W5 W6 W7 W8 W9 W14 

Se
ct

io
n 

A
 >15 mins 

10-15 mins 

<10 mins 

74% 

10% 

15% 

75% 

8% 

17% 

69% 

11% 

20% 

51% 

13% 

35% 

47% 

12% 

41% 

43% 

22% 

36% 

  

Se
ct

io
n 

B
 >15 mins 

10-15 mins 

<10 mins 

86% 

9% 

6% 

80% 

6% 

14% 

76% 

10% 

14% 

66% 

9% 

25% 

57% 

10% 

33% 

52% 

18% 

30% 

57% 

13% 

29% 

64% 

10% 

27% 

Se
ct

io
n 

C
 >15 mins 

10-15 mins 

<10 mins 

86% 

9% 

5% 

77% 

12% 

11% 

65% 

16% 

19% 

65% 

12% 

23% 

52% 

10% 

38% 

 

55% 

13% 

32% 

47% 

10% 

43% 

 

 

Figure 6.4. Categorized students based on OnDur for all Sections 
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Table 6.15. OnDur grouping based on duration length 

OffDur 
 by Section 

Week 

W2 W4 W5 W6 W7 W8 W9 W14 

Se
ct

io
n 

A
 >15 mins 

10-15 mins 

<10 mins 

2% 

8% 

91% 

11% 

17% 

72% 

12% 

17% 

71% 

31% 

11% 

58% 

26% 

21% 

53% 

21% 

13% 

66% 

  

Se
ct

io
n 

B
 >15 mins 

10-15 mins 

<10 mins 

1% 

2% 

97% 

3% 

11% 

85% 

7% 

5% 

88% 

10% 

12% 

78% 

6% 

9% 

85% 

9% 

7% 

84% 

12% 

10% 

79% 

25% 

17% 

59% 

Se
ct

io
n 

C
 >15 mins 

10-15 mins 

<10 mins 

0% 

1% 

99% 

4% 

5% 

91% 

7% 

13% 

80% 

6% 

13% 

81% 

7% 

11% 

82% 

 

17% 

12% 

71% 

45% 

11% 

44% 

 

 

Figure 6.5. Categorized students based on OffDur for all Sections 
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6.3 Discussion  

 
Using the AWARE tool to monitor students’ active window, this study investigated average 

attention in large lectures.  Student attention timelines were explored to identify patterns and 

provide a description of average class attention.  The results from the descriptive investigation 

showed that: 

 

• In spite of a common set of slides and weekly coordination meetings, content delivery 

timelines differ between sections (Figure 6.1). 

• Average class attention decreases over a semester (Table 6.6, Figure 6.2). 

• Fewer students attend class as the semester progresses (Table 6.2) 

 

 In addition, two hypotheses related to classroom attention were tested.  The hypotheses 

explored the degree of on-task behavior and the time duration of students’ first on-task period.  

Results of the hypotheses tests showed that:  

 

• Both in terms of percentage of on-task activity and duration of on-task activity, students 

are on-task more than they are off-task (Section 6.2.2) 

• In general, there is no evidence to support the claim that class attention declines at the 10 

to 15 minute mark (Section 6.2.3). 

 

In accordance with the data-driven research methodology used in this study, the following 

sections discuss motivation for future research based on the study findings. 

 

6.3.1 Characterization of student attention 

Consistently, the data indicated a decrease in attention over the semester.  Fewer students are 

attending class later in the semester, and the students who are attending class are paying less 

attention. Anecdotally, an instructor may notice decreased attendance and conclude that 

inattentive students have chosen to forego lecture.  However, decreased attendance coupled with 

decreased attention indicates that of the students present in lecture, fewer are attentive.  It is 

possible that attentive students are foregoing lecture, leaving less attentive students.  It is also 
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possible that individual student attention levels decline over time similarly to the aggregate case.  

This study did not specifically investigate individual student attention, but individual student 

attention timelines are available through the AWARE tool, and future studies could investigate 

attention on an individual basis. 

It is not clear if this result extends beyond first-year, first-semester courses.  For example, the 

result could be attributed to the newness of the University setting for the students.  Consequently, 

two actions are recommended for additional investigation.  First, trends in attention should be 

investigated in additional courses (e.g., second or third year courses).  Second, in general, when 

investigating classroom computer use, researchers should report the timing for their study.  

Studies conducted early in the semester, may report a higher amount of on-task computer usage 

than studies conducted later in the semester. 

When comparing sections over the same week, no common patterns were observed.  This 

was surprising due to the heavy emphasis on instructor coordination in the studied course.  

Instructors attended coordination meetings and were given common slides.  Though instructors 

were given the freedom to reorder slides and change content, the emphasis on coordination 

implies that students are receiving a common experience.  The results from this study suggest 

that even with a large amount of coordination, individual instructor characteristics still impact 

student attention to lecture. 

The Active Window Method could be used to investigate the true similarity between 

common lectures.  This study indicates that the lecture may not be as common as administrators 

believe.  However, there were multiple extraneous factors that should be considered in future 

studies. For example, the participating lectures in this study differed on age and gender (Section 

6.1.2).  A future study could directly compare attention timelines based on age and gender to 

determine the effects, if any, these variables play.  It is possible that older students use their 

computers in completely different ways than 18-year-old students.  In addition to student 

characteristics, future studies should examine other instructional characteristics.  In this study, 

instructional differences included instructor gender and class meeting time.   For example, two of 

the three sections met in the morning, and one met midday.  Future studies investigating 

differences and similarities between instructors should consider instructor characteristics and 

time of day.  Essentially, the Active Window Method could be used to answer future research 

questions, such as: How common are common lectures?   
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6.3.2 Amount of on-task behavior in structured-use and unstructured-use courses 

This study provides strong support for a high-level of on-task student behavior in the 

structured-use classes studied.  In 20 or 21 lectures, the percent on-task was greater than 50% 

(Table 6.8), and student’s average on-task duration period was greater than their average off-task 

duration period (Table 6.9).  In these 20 lectures, more students were considered on-task students 

than off-task students.  However, in reality, the 50% comparison point may be naïve choice.  A 

better choice would be to directly compare attention levels for structured and unstructured 

classrooms.  Repeating this study in other contexts would help establish a strong baseline for 

classroom attention. 

 

6.3.3 Quantifying initial on-task duration periods 

This research provides no support for the 10-15 minute attention limit often presented in 

books on teaching (Table 6.12).  In fact, only a small percentage of students fit this range (Figure 

6.3).  This finding is consistent with Wilson and Korn’s (2007) literature review.  Next steps 

involve quantifying student attention durations in terms of length and consistency.  In this work, 

first on-task duration periods given in Table 6.11 ranged from 80 seconds (W8 Section A) to 520 

seconds (W2 Section C).  However, the large variation of on-task duration periods (Table 6.11) 

indicates that there may not be a single duration limit.  Instead, attention duration periods may be 

connected to student motivation or learning style, for example.  Using the AWARE tool in 

conjunction with measures of motivation or other factors, future studies could directly 

investigate this relationship. 

 

6.3.4 Benefits and limitations of the Active Window Method 

The Active Window Method was used to collect data in three first-year engineering sections 

over multiple weeks, resulting in 21 timelines of student attention.  The broad application of the 

Active Window Method demonstrates the power of the method.  The data is complete in the 

sense that attention timelines are generated based off the actual behaviors of every student 

attending class with the required course software.  Data were collected from up to 242 students at 

once.  Previously, this type of data was only available with an army of observers, but, by using 

the AWARE tool, data were collected by a single researcher.  While this application involves 
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first-year engineering classrooms, the methods used herein could straightforwardly be applied to 

different classrooms. 

This broad application presented in this chapter illuminates the primary limitation of the 

Active Window Method: less rich data.  In essence, the only information the Active Window 

Method provides is “in course software” and “not in course software”. While the validation 

procedures presented in Chapter 4 provide evidence that this information is a proxy for attention, 

the Active Window Method does not provide any context for the data.  For example, in Figure 

6.5 a noticeable increase in the average off-task duration period is observed for W14 Section C.  

In that particular lecture nearly half the class (45%) had average off-task durations greater than 

15 minutes, but the Active Window Method alone does not provide information to answer the 

underlying question of “Why.”  With the Active Window Method, it is unknown what other 

software students were using or how they were engaged with the software.  The Active Window 

Method alone does not provide information regarding the instructor’s pedagogy, content 

presentation timeline, or other student characteristics.   

Deploying the Active Window Method remotely with no knowledge of lecture activities most 

likely would result in a multitude of meaningless data.  The Active Window Method relies on a 

clear datum for attention.  The studied courses were purposely selected based on the fact that 

they required course software that could be used as the datum.  However, at certain times 

throughout the semester, using course software as the datum was not valid.  Examples of invalid 

time periods are given in Chapters 4 and 5, and include 1) instructions to use other software (e.g., 

web browser or LabVIEW), and 2) pauses in lecture.  Prior to analysis, the AWARE attention 

timelines were preprocessed to identify and remove these time periods based on observation 

data.  When deploying the Active Window Method remotely, invalid time periods would be 

unknown.  In reality, both the a priori knowledge of the attention datum and posteriori 

knowledge of invalid intervals are required for meaningful data interpretation. 

 
  



98 
 

Chapter 7: Pedagogical Impacts on Student Attention (AWARE Application) 

 

One of the motivating factors for examining student attention in real-time is that it would 

allow for the evaluation of technology-infused instructional strategies.  Researchers have 

previously suggested that instructional technology can be used to facilitate active learning in 

large lectures (Section 2.2.1).  Furthermore, research studies conducted in structured-use 

technology-infused classrooms more often report positive outcomes than studies conducted in 

unstructured-use classrooms (Section 2.3).  However, as Lauricella and Kay (2011) point out, 

simply increasing laptop activities may not produce positive outcomes, and an evaluation of 

instructional strategies’ impact is warranted.  The investigation of instructional strategies not 

only provides vital information to instructors and course designers, it may also be an avenue to 

aid in sense-making of the mix of positive and negative results reported by student computer-use 

research studies.  While motivating the Active Window Method, it was argued that it would 

allow for the evaluation of these techniques to determine their true impact.  In this chapter, this 

claim is substantiated as the AWARE tool is used in answering the following research question: 

 

How do technology-infused pedagogical practices impact students’ attention? 

 

As a result of this application of the AWARE tool, both benefits and limitations of the Active 

Window Method are identified. 

 To evaluate the impact of pedagogical practices on student attention, the author chose to use 

time series analysis.  Time series analysis accounts for the serial correlation inherent in times 

series.  Time series analysis is used to answer research questions involving patterns in time 

series, prediction, and intervention effects for datasets consisting of equally spaced 

measurements over time (Box & Jenkins, 1976; Montgomery, Jennings, & Kulahci, 2008). This 

analysis technique is appropriate here because the research question driving this study focuses on 

intervention effects and the data is a time series. 

Intervention time series analysis involves modeling the time series prior to an intervention, 

and then subsequently calculating the change in the time series due to the intervention.  Prior to 

the presentation of the research study, a brief introduction to time series analysis is provided 

(Section 7.1).  Following the introduction, the study methods (Section 7.2) and results (Section 
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7.3 and 7.4) are presented.  Finally, the Chapter concludes with a discussion of results (Section 

7.5). 

  

7.1 Brief introduction to time series analysis 

 

In contrast with regression techniques, which model structure as a function of time, time 

series techniques focus more on the past data values and the randomness in the data.  The 

difference between predictions based on structure as a function of time versus predictions based 

on past data values is best explained through contrasting examples of bus arrival and weather 

prediction.  Bus arrival is structurally predictable.  That is, the most useful information for 

predicting which bus will arrive one minute from now is the current time (i.e., bus schedule).  On 

the other hand, weather is not structurally predictable.  The more meaningful information for 

predicting whether it will be raining one minute from now is not time, but rather the current 

state: Is it raining right now?   

The crux of time series analysis is that the best prediction of future values usually relies on 

the current state, which consists of either past values (Autoregressive, AR), past error (Moving 

Average, MA) or a combination of both (Autoregressive Integrated Moving Average, ARIMA) 

(Sall, Creighton, & Lehman, 2007).  These models are commonly used for short-term prediction 

or forecasting of time series data in economic forecasting and stock market analysis.  A 

characteristic of AR and MA models is that as the prediction window extends, time series 

predictions converge to the mean of the process or the mean of the differenced process (i.e., the 

trend line) (Pflaumer, 1992).  Essentially, as the forecast period extends, there is a decreasing 

amount of information about the process, and, as a result, the best guess is the mean.  While 

simplistic, time series analysis is grounded in mathematical theory (see: Box and Jenkins, 1970; 

Montgomery, Jennings, & Kulahci, 2008) and forecasts generated from time series analysis have 

been shown to perform no worse than more complex multivariate models (e.g., Pflaumer, 1992).  

Univariate time series analysis is useful as a baseline for forecasting performance. 

In this work, the ARIMA method is used (Montgomery, Jennings, & Kulahci, 2008) to model 

average class attention timelines.  ARIMA models, originally described by Box and Jenkins 

(1970) and referred to as the Box-Jenkins approach, consist of a combination of two formal 

mathematical time series models: the AR and the MA.  The “Integrated” term in ARIMA refers 
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to the amount of differencing required to produce a stationary time series, where a stationary 

time series has common statistical properties over time (i.e., no trend).  ARIMA models are 

specified by the coefficients p, d, and q:  

• p is the autoregressive order, AR(p),  

• d is the number of differences required to transform a non-stationary time series into a 

stationary time series, and  

• q is the moving average order.   

Any of these coefficients can be zero; in that case the model is reduced to it’s non-zero 

components.  For example, an ARIMA(1,0,0) is simply a first-order autoregressive model, 

AR(1).  The mathematical formulation of an ARIMA model is given as 

 

𝑌! = 𝜇 +
𝜃(𝐵)
𝜙(𝐵) 𝜖!                                                                                                                        (7.1) 

 

where t is the time index, Yt is the time series, µ is the series mean, B is the backshift operator, 

θ(B) is the moving average contribution, φ(B) represents the autoregressive contribution, and εt is 

independent random noise.  The backshift operator functions such that BYt = Yt-1, and is related to 

the serial correlation of time series. 

Current time series modeling continues to involve the classical methods originally described 

by Box and Jenkins (1970).  The iterative process is comprised of three steps:  

1) model and order identification,  

2) parameter estimation, and  

3) model verification.  

In the first step, Autocorrelation Function (ACF) and Partial Autocorrelation Function 

(PACF) plots are used to check for randomness in a time series by depicting the correlation 

between values (Box & Jenkins, 1976).  When significant, non-zero lags are present, the time 

series is not white noise, and modeling identification proceeds.  Model identification is 

conducted by judging the model structure and order from the ACF and PACF plots.  In this step, 

the time series ACF and PACF are compared to the theoretical ACF and PACF plots for AR and 

MA models, which are described in Table 7.1.  In the second step of ARIMA modeling, model 

coefficients are typically estimated by the used of statistical software (i.e., the SAS ARIMA 
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process, proc arima).   In the third and final step of ARIMA modeling, models are verified 

through an examination of the residuals and by evaluating the statistical significance of the 

model parameters.  Again, the ACF and PACF plots are used to check for white noise by plotting 

the residuals’ ACF and PACF.  The residuals are also checked for normality.  When the residuals 

fit a normal distribution and there are no significant lags in the ACF and PACF plots, the 

residuals are established as white noise, and the ARIMA model identified in steps 1 and 2 

appropriately model the data. 

 

Table 7.1. Behavior of theoretical ACF and PACF (based on Montgomery, Jennings, & Kulahci 
(2008) Table 5.1, p. 256) 

Model ACF characteristics PACF characteristics 
Autoregressive  

AR(p) 
Exponential decay and/or 

damped sinusoid Spikes cut off after lag-p 

Moving Average 
MA(q) Spikes cut off after lag-q Exponential decay and/or 

damped sinusoid 
Combination Autoregressive and 

Moving Average 
ARMA(p,q) 

Exponential decay and/or 
damped sinusoid 

Exponential decay and/or 
damped sinusoid 

Generalized Autoregressive and 
Moving Average for non-

stationary processes 
ARIMA(p,d,q) 

A strong and slowly dying ACF 
indicates possible differencing 

requirement: 0 ≤ d ≤ 2. 
 

Then, analyze ACF and PACF 
for differenced time series. 

 

 
Intervention time series analysis can be used to determine the impact of events on time series 

(Box & Tiao, 1975).  Intervention analysis, also referred to as interrupted time series analysis or 

impact analysis, consists of two phases.  First, the Autoregressive Integrated Moving Average 

(ARIMA) time series modeling approach is used to determine the appropriate mathematical 

model for the pre-intervention time series.  Second, the entire time series is modeled with an 

additional dummy variable that represents the intervention.  The intervention model is  

     

𝑌! = 𝐴𝑅𝐼𝑀𝐴! + 𝑓[𝐼𝑁𝑇𝐸𝑅!]                                                                                                        (7.2) 
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where ARIMAt is the ARIMA(p,d,q) process and f[INTERt] is the intervention component. The 

intervention component contains a dummy variable that is coded to indicate the start and 

continuation of each instructional activity.  In other words, 

 

𝐼𝑁𝑇𝐸𝑅! =   0, 𝑡 < 𝑇
1, 𝑡 ≥ 𝑇                                                                                                                       (7.3) 

 

where T represents the time instance of the intervention initiation.   

As an example, Ledolter and Chan (1996) used intervention analysis to determine the impact 

of increased speed limits instituted in May 1987 on the number of traffic fatalities.  For the 

dummy variable in Ledolter and Chan’s study, T = May 1987.  Intervention analysis has been 

used to analyze numerous domain problems, including examining the effects of advertising 

campaigns on market share (Wichern & Jones, 1977), public drunkenness laws on the number of 

arrests (Aaronson, Dienes, & Musheno, 1978), natural disasters and epidemics on tourism (Min, 

2007), and educational reform on student performance (Bloom, 2003).   

Time series analysis is not a common method in an education context because time series 

data is less common.  In this present investigation, intervention analysis is used to examine the 

impact of pedagogical interventions on average class attention. 

 

7.2 Methods 

 

This investigation follows a non-experimental research design with the purpose of evaluating 

technology-infused instructional strategies.  In Mohammadi-Aragh and Williams’ (2013a) action 

research study investigating technology-infused instructional strategies for structured-use 

classrooms, observations of expert instructors were used to identify strategies.  Identified 

strategies included: 

 

• using digital ink, 

• distributing instructor-generated content, 

• collecting student-generated content, 

• blacking out the projector, 
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• polling questions, and 

• instructor screen broadcast. 

 

This current dissertation research investigated focused on the two most common strategies in 

Mohammadi-Aragh and Williams’ list: (i) collecting student-generated content (CSGC) and (ii) 

interactive polling (POLL).  These two strategies are general categories under which most 

teacher-initiated interactive activities occur.  

A strategy not identified by Mohammadi-Aragh and Williams is the display of web addresses 

(URL) for student self-exploration.  The URL strategy was used in Hembrook and Gay’s (2003) 

classrooms and is of interest because their study reported negative outcomes in spite of being 

conducted in classrooms where instructors were directing student computer use.  These three 

strategies (CSGC, POLL, and URL) are the focus of the investigation presented in this chapter.   

 

7.2.1 Participants 

Data were collected in three sections of a First-Year Engineering (FYE) course over five 

weeks for a total of 15 lectures.  The three sections were selected based on their size (enrollment 

>150 students).  As is typical of first-year engineering, participants are majority male and 

average 18 years of age (see Table 6.2).  Enrollment for Section A and B was approximately 250 

students and Section C was approximately 180 students.  The distributions for participants per 

instructor per week and course topics per week are shown in Table 7.2.  These numbers represent 

the total number of students logged into the DyKnow Vision course session.  Note that these are 

the same participants and sections that were discussed in Section 3.2 and in Chapter 6.   

 
Table 7.2. Number of participants for AWARE recording 

Week Topic Section A 
N 

Section B 
N 

Section C 
N 

W2 Engineering as a Profession 242 236 167 
W4 Graphing (Method of Selected Points) 238 231 167 
W5 Graphing (Linear Regression) 230 234 164 
W6 Sustainability 234 216 155 
W7 Ethics 217 211 149 
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7.2.2 Data collection procedures 

Data consisted of measured attention and video records of lecture.  Measured attention was 

collected with the AWARE tool (Section 3.3.2).  A single researcher attended lecture sessions to 

collect data.  When the instructor initiated the session, the researcher logged into DyKnow 

Vision software as a moderator.  The AWARE tool was then initialized to record the active 

window widget embedded in DyKnow. The AWARE tool collected data from all students logged 

into the lecture sessions.  Screenshot sets were captured at 20-second intervals resulting in 

approximately 150 instances for a 50-minute lecture (i.e., active window measurement every 20 

seconds).  Video records of class were also captured (Section 3.3.4).  The videos were captured 

with Camtasia Studio.  The videos included the instructors’ panels and electronic ink 

annotations, and included instructor audio.  The video records were captured on the same 

computer running the AWARE tool, and included the Date & Time Gadget (Section 3.2.2) for 

synchronization purposes.  

 

7.2.3 Analysis Techniques 

AWARE records were used to create a time series of average class attention, avgLectureOn.  

For each measurement instance, avgLectureOn equals the number of on-task students (e.g., 

summing the number of ones) divided by the total number of on-task and off-task students (e.g., 

summing the number of ones and zeros) (Equation 7.4).  Essentially, avgLectureOn is a timeline 

of the percentage of students who are on-task during a given lecture. 

 

𝑎𝑣𝑔𝐿𝑒𝑐𝑡𝑢𝑟𝑒𝑂𝑛 𝑡 =
#  1𝑠!"#!"#$%

#1𝑠  𝑎𝑛𝑑  0𝑠!"#$%&"!
                                                                        (7.4) 

   

Lecture video records were analyzed for CSGC, URL, and POLL instructional activities. 

Start and end times were identified for each strategy present in the video record (Section 3.3.4).  

Preliminary analysis included a before-and-after comparison of average class attention.  The 

percent of students on-task before the activity, during the activity, and after the activity was 

logged.  The “before” percentage refers to the percentage of students on-task at the immediate 

onset of the intervention.  The “during” percentage refers to the maximum percentage of students 

on-task during the intervention. The “after” percentage refers to the percentage of students on-
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task at the moment when the instructor restarts lecture.  Changes in attention were calculated by 

subtracting the on-task percentage before the activity from the on-task percentage during and 

after the activity. 

Before-after comparisons are useful for initial exploration, but can be criticized for ignoring 

the serial correlation of time series data.  An intervention analysis was employed to examine 

instructional activity effects on average class attention accounting for serial correlation.  

Intervention analysis requires fitting an ARIMA model to a pre-intervention timeline, and 

ARIMA parameter estimates require a minimum of 30 observations (SAS Institute Inc., 2010). 

Therefore, instructional activities and the lecture timelines were examined to identify the subset 

of instructional activities that had the required pre-intervention data points. 

For instructional activities appropriate for intervention analysis, dummy variables were 

created to indicate the start of the activity.  JMP Pro 10 and SAS 9.3 were used to identify, 

estimate, and verify pre-intervention ARIMA models.  SAS 9.3 was used to determine the effect 

and statistical significance of the intervention parameter.  

 

7.3 Results: Annotated attention timelines 

 

Three first-year engineering course sections were recorded over 5 weeks for a total of 15 

lecture recordings.   The number of CSGC, URL, and POLL activities were identified.  These 

interventions are color-coordinated in the annotated timelines: 

 

• CSGC activities are yellow, 

• URL activities are orange,  

• and POLL activities are green.   

 

As a note: the attention time lines were only annotated for (i) the start of class, (ii) the start of 

lecture, and (iii) the three instructional activities listed above.  There appear to be additional 

impacts on the attention timelines shown for each week (Figures 7.1-7.5).  However, the 

evaluation of those impacts is beyond the scope of this study. 

The naming of instructional activities is as follows: [Activity type] [Week/Section/Count].  

For example, the fourth poll given in Section B’s Week 7 lecture would be POLL W7B4, while 
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the first URL displayed in Section A’s Week 2 lecture is named URL W2A1.  The results are 

presented in the following subsections by week across all lectures. 

 

7.3.1 Week 2: Engineering as a profession 

The second week of lecture (W2) was the first week that students used interactive learning 

software.  The main objective of the lecture was to introduce students to the engineering 

profession.  The lecture followed a standard pattern of announcements followed by lecture.  Five 

CSGC activities and four URL activities were identified in W2 (Table 7.3, Figure 7.1).  In W2, 

all lecture sections used at least one URL and CSGC.  Section B used two of each, and Section C 

used one URL and one CSGC.  The measurements for percentage on-task before, during, and 

after each activity are shown in Table 7.3. 

 
Table 7.3. Week 2 instructional strategy impact 

Instructional Activity % On-task % On-task % On-task 
Before During (Change) After (Change) 

CSGC W2A1 83% 97% (+14) 93% (+10) 
CSGC W2B1 50% 99% (+49) 94% (+44) 
CSGC W2B2 95% 99% (+ 4) 98% (+ 3) 
CSGC W2C1 95% 99% (+ 4) 89% (- 6) 
CSGC W2C2 83% 97% (+14) --- 
URL   W2A1 87% 03% (-84) 33% (-54) 
URL   W2B1 89% 53% (-36) 56% (-33) 
URL   W2B2 96% 50% (-46) 50% (-46) 
URL   W2C1 87% 06% (-81) 30% (-57) 

 
 

As seen in Table 7.3 and Figure 7.1, all five CSGC W2 activities increased on-task behavior 

during the activity.  The impact after the CSGC activities was less consistent.  CSGC W2C2 

occurred at the end of lecture so there was no “after” measurement.  Three of the four remaining 

CSGC W2 activities resulted in a higher percentage of students on-task immediately after the 

activity, while CSGC W2C1 resulted in a decrease in on-task percentage after the activity.   

 On the other hand, URL W2 activities clearly decreased the amount of on-task activity.  All 

four W2 URL activities decreased the percentage of on-task students during and after the 

activity.  Interestingly, there were two forms of URL activities with one form used in Section A 

and C, and another used in Section B.  In Section A and C (URL W2A1 and URL W2C1) a web 
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address appeared on the screen and the students were instructed to go to the website to complete 

a survey.  Majority of the students complied, or at least switched to other software, as evident 

from the sharp change in on-task behavior.  In both cases, when lecture started back, students 

began to switch back to the course software, as evident from the increase in percentage on-task 

following the URL activity (see Figure 7.1 A and C).  In Section B, the activity involved the 

instructor posting the web address and then continuing with lecture.  Section B students were 

specifically instructed to visit the web address at a later time.  However, a negative change in 

attention is still apparent for both Section B URL activities, and the decreased percentage on-task 

continued into the lecture and CSGC W2B1 activity (see Figure 7.1 B). 
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(A) W2 
Section 

A 
 

 

(B) W2 
Section B 

 

 

C) W2 
Section C 

 

Figure 7.1. Annotated class attention for Week 2 (W2) 



109 
 

 

7.3.2 Week 4: Graphing – the method of selected points 

The fourth week of lecture covered the method of selected points graphing.  Four CSGC 

activities and four POLLs activities were identified in W4 (Table 7.4, Figure 7.2).  Both Section 

A and C had two back-to-back polls and two CSGC (Figure 7.2).  Section B did not use any of 

the strategies. The measurements for percentage on-task before, during, and after each activity 

are shown in Table 7.4.  

As seen in Table 7.4, all four CSGC W4 activities increased on-task behavior during the 

activity (Table 7.4), but their impact after the activity was less consistent. CSGC W4A2 occurred 

at the end of lecture so there was no “after” measurement.  One of the three remaining CSGC 

W4 activities resulted in a higher percentage of on-task students immediately after the activity, 

while CSGC W4C1 and CSGC W4A2 resulted in a decrease in on-task percentage after the 

activity.   

Similarly, POLL W4 activities increased attention during the activity, but had mixed results 

after the activity.  POLL W4A2 and POLL W4C1 resulted in a net decrease, while POLL W4A1 

and W4C2 resulted in a net increase.  Interestingly POLL W4A1 and POLL W4C1 were 

identical, and POLL W4A2 and POLL W4C2 were identical, but the pairs had opposite after-

activity results. 

 
Table 7.4. Week 4 instructional strategy impact 

Instructional Activity % On-task % On-task % On-task 
Before During (Change) After (Change) 

CSGC W4A1 78% 98% (+20) 98% (+20) 
CSGC W4A2 95% 96% (+ 1) --- 
CSGC W4C1 86% 92% (+ 6) 81% (- 5) 
CSGC W4C2 87% 94% (+ 7) 86% (- 1) 

POLL    W4A1 75% 95% (+20) 82% (+ 7) 
POLL    W4A2 82% 95% (+13) 78% (- 4) 
POLL    W4C1 81% 93% (+12) 79% (- 2) 
POLL    W4C2 77% 93% (+ 6) 80% (+3) 
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(A) W4 

Section A 
 

 

(B) W4 
Section B 

 

 

C) W4 
Section C 

 

Figure 7.2. Annotated class attention for Week 4 (W4) 
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7.3.3 Week 5: Graphing – linear regression 

The fifth week of lecture covered the topic of linear regression graphing.  Four CSGC 

activities and three URL activities were identified in W5 (Table 7.5, Figure 7.3). All class 

sections had a CSGC and URL activity, with Section A including an additional CSGC.  The 

measurements for percentage on-task before, during, and after each activity are shown in Table 

7.5.  

As seen in Table 7.5, all four CSGC W5 activities increased on-task behavior during the 

activity and resulted in increased on-task behavior after the activity (Table 7.5).  All of the URL 

activities resulted in decreased on-task behavior during and after the activity.  In W5, the URL 

activity was similar to Section B’s W2 activities wherein the activity was brief and not precisely 

directed.  In W5, the websites were not specifically posted; rather, the websites were simply 

mentioned and discussed. Section C’s URL activity is longer because the website was discussed 

multiple times over approximately 90 seconds. 

 

Table 7.5. Week 5 instructional strategy impact 

Instructional Activity % On-task % On-task % On-task 
Before During (Change) After (Change) 

CSGC W5A1 79% 91% (+12) 80%  (+ 1) 
CSGC W5A2 76% 93% (+17) 84% (+ 8) 
CSGC W5B1 82% 90% (+ 8) 85% (+ 3) 
CSGC W5C1 81% 90% (+ 9) 85% (+ 4) 
URL   W5A1 78% 65% (-13) 70% (- 8) 
URL   W5B1 86% 65% (-21) 71% (-15) 
URL   W5C1 67% 41% (-26) 45% (-22) 
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(B) W5 
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C) W5 
Section C 

 

Figure 7.3. Annotated class attention for Week 5 (W5) 
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7.3.4 Week 6: Sustainability 

The sixth week of lecture covered the topic of sustainability.  Seven CSGC activities and two 

URL activities were identified in W6 (Table 7.6, Figure 7.4). All class meetings had multiple 

CSGC activities.  Section B and C had a URL activity.  Six of the seven CSGC activities 

increased percentage on-task during and after the activity.  CSGC W6C2 increased percentage 

on-task during the activity, but there was a large decrease after the activity (decreased from 80% 

to 69%).  The measurements for percentage on-task before, during, and after each activity are 

shown in Table 7.6.  

As seen in Table 7.6, W6 URLs were inconsistent with previous URL activities, URL W6B1 

increased percentage on-task.  This could be due to CSGC W6B2, which immediately followed 

URL W6B1.  The activity may have pulled students into lecture before they could visit the 

website.  The other URL activity, URL W6C1 did result in a decrease in attention both during 

and after the activity.  There is a sharp increase in on-task percent at the very beginning of the 

URL activity.  This is believed to be due to students flipping into the course software in order to 

copy the link off the panel.  However, neither data source used in this study provide information 

to verify that assumption. 

 

 
Table 7.6. Week 6 instructional strategy impact 

Instructional Activity % On-task % On-task % On-task 
Before During (Change) After (Change) 

CSGC W6A1 56% 84% (+28) 64%  (+8) 
CSGC W6A2 64% 85% (+21) 78% (+14) 
CSGC W6A3 65% 87% (+22) 67% (+ 2) 
CSGC W6B1 75% 87% (+12) 82% (+ 7) 
CSGC W6B2 78% 89% (+11) 80% (+ 2) 
CSGC W6C1 67% 92% (+25) 90% (+13) 
CSGC W6C2 80% 98% (+18) 69% (-11) 
URL   W6B1 77% 80% (+ 3) 78% (+ 1) 
URL   W6C1 66% 03% (-63) 05% (-61) 
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Figure 7.4. Annotated class attention for Week 6 (W6) 
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7.3.5 Week 7: Ethics 

The seventh week of lecture covered sustainability. Seven CSGC, three URL activities, and 

nine POLL activities were identified in W7 (Table 7.7, Figure 7.5). All class sections had 

multiple CSGC and POLL activities, and a single URL activity.  The measurements for 

percentage on-task before, during, and after each activity are shown in Table 7.7. 

As seen in Table 7.7, consistent with previous weeks, CSGC and POLL activities produced 

increased percentage on-task during the activity and mixed results after activities.  The W7 URL 

activities consisted of very brief mentioning of websites, and, therefore, there was no “during” 

percent.  The URL after was calculated as the first minimum after the URL was mentioned.  For 

all URL activities in W7, the percent on-task decreased after the instructor mentioned the 

website.  

 
Table 7.7. Week 7 instructional strategy impact 

Instructional Activity % On-task % On-task % On-task 
Before During (Change) After (Change) 

CSGC W7A1 54% 85% (+31) 52% (- 2) 
CSGC W7A2 72% 82% (+10) 53% (-19) 
CSGC W7B1 72% 93% (+21) 77% (+ 5) 
CSGC W7B2 73% 89% (+16) 76% (+ 3) 
CSGC W7C1 69% 82% (+13) 61% (- 8) 
CSGC W7C2 68% 85% (+17) 74% (+ 6) 
CSGC W7C3 81% 89% (+ 8) 71% (-10) 
URL   W7A1 47% --- 34% (-13)* 
URL   W7B1 73% --- 56% (-17)* 
URL   W7C1 61% --- 43% (-18)* 

POLL    W7A1 70% 90% (+20) 62%  (- 8) 
POLL    W7A2 53% 65% (+12) 49% (- 4) 
POLL    W7A3 58% 72% (+14) --- 
POLL    W7B1 64% 90% (+26) 65%  (+ 1) 
POLL    W7B2 76% 91% (+15) 68% (- 8) 
POLL    W7B3 71% 82% (+11) 63% (- 8) 
POLL    W7B4 76% 89% (+13) 65%  (-11) 
POLL    W7C1 74% 93% (+19) 74%  ( 0 ) 
POLL    W7C2 60% 79% (+19) 63% (+ 3) 

*first minimum after URL was mentioned 
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Figure 7.5. Annotated class attention for Week 7 (W7) 
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7.3.6 Summary of before-after analysis 

A summary of the change in percentage on-task for CSGC, URL, and POLL activities across 

all weeks is presented in Figure 7.8.  Across all weeks, CSGC and POLL activities encouraged 

on-task behavior during the activity.  However, after the activity, the results were mixed with 

eight of 25 CSGC and 7 of eleven POLL activities resulting in decreased on-task percentage.  

Looking back through the weekly tables, the change in percentage during the activity usually 

exceeds the change after the activity (e.g., CSGC W5A2 during +17, after +8).  This indicates 

that while the activities do encourage on-task behavior, the impact may be temporary.  The 

change in on-task percentage after the activity was as low as ±1 percentage point (e.g., CSGC 

W5A1 +1 after, CSGC W4C2 -1 after).  This also supports the idea that while students may be 

drawn into the lecture, the activities may not support sustained attention changes.  

 

Table 7.8. Summary of instructional strategy impact 

Instructional 
Strategy 

Number of 
Occurrences 

During After 
Increase in 
% On-task  

Decrease in 
% On-task 

Increase in 
% On-task 

Decrease in 
% On-task 

CSGC 27 27 0 17 8 
URL 12 1 8 1 11 
POLL 13 13 0 4 7 

 
 

7.4 Results: Statistical Models 

 

The 52 technology-infused instructional activities analyzed in Section 7.2 were inspected to 

determine the number of pre-intervention time series data points that consisted of pure lecture to 

ensure the time series analysis minimum criteria of 30 data points for was met.  Six of 27 CSGC 

and five of 12 URL were identified as meeting the criteria for intervention analysis (Table 7.9).  

The following sections present the results from the pre-intervention lecture time series model 

identification (Section 7.4.1) and the subsequent intervention analysis (Section 7.4.2).   
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Table 7.9. Summary of instructional activities suitable for intervention analysis 

Instructional 
Activity Description Number of Preceding 

Lecture Measurements 

CSGC W2B2 Sketch the diagram 47 

CSGC W4A1 Read points from graph 80 

CSGC W4C2 Write empirical function 
(method of selected points) 46 

CSGC W5A1 Write empirical function 
(linear regression) 35 

CSGC W5B1 Write empirical function 
(linear regression) 76 

CSGC W5C1 Write empirical function 
(linear regression) 65 

URL   W2A1 Take survey at link 65 

URL   W2B2 Mentioned survey link 46 

URL   W2C1 Take survey at link 52 

URL   W6B1 Mentioned sustainability  
games link 64 

URL   W6C1 Play sustainability games at link 54 

 
 

7.4.1 ARIMA modeling for pre-intervention data 

ARIMA modeling followed the three step process introduced in Section 7.1: (i) model and 

order identification, (ii) parameter estimation, and (iii) model verification. 

Step 1: Model and order identification.  Model identification consisted of analyzing the 

autocorrelation function (ACF) and partial autocorrelation function (PACF) for each pre-

intervention lecture time line.  The autocorrelation check for white noise was significant (p < 

.0001) for all 11 instructional activities, indicating that the time series were not entirely white 

noise, and model fitting was appropriate.   

The ACF and PACF for each of the 11 activities were generated, and are included in 

Appendix B.  For discussion purposes, three ACFs and PACFs are shown in Table 7.10.  The 

shaded area indicates the confidence intervals of the null hypothesis that the autocorrelation at 

each lag is zero.  Bars that extend beyond the confidence intervals result in a rejection of the null 
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hypothesis, and indicate lags where the autocorrelation are significantly non-zero.  The first step 

in ARIMA model identification calls for analyzing the pattern of non-zero lags in the ACF and 

PACF plots (Section 7.1). 

 
Table 7.10. Subset of ACFs and PACFs for pre-intervention lecture time series 

Instructional 
Activity ACF PACF 

CSGC W2B2 

  

CSGC W4A1 

  

URL   W2A1 

 

  
 

For all 11 pre-intervention lecture time series, the ACF lags reflected a damped sinusoid or 

decay, and the PACF indicated lag cutoff. This behavior reflects the theoretical model for 

autoregressive (AR) time series (Table 7.1).  The PACF for CSGC W4A1 includes two 

significant lags, one at lag-1 and one at lag-2 (Table 7.10).  This indicates the possibility of a 

second-order, AR(2), model.  Due to the small lag-2 spike, both an AR(1) and AR(2) model were 

estimated and the fit compared.  The PACF for the other 10 instructional activities includes a 

single significant lag at lag-1, indicating a first-order, AR(1), model.  Overall, this means that for 

all timelines, the present value at time t is highly correlated with the immediate past value at time 

t-1.   In other words, an AR(1) fit reflects the fact that a large discrepancy in one direction at 
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time t-1 is likely followed by another discrepancy at time t in the same direction (Anderson, 

1977).   

Specifically in this research study, the lecture times series data points have a 20 second 

spacing, and an AR(1) fit means that the current attention level is highly correlated with the 

attention level 20 seconds ago.  As evident from non-zero lags at lag-2, lag-3, etc. in the ACF, 

the current attention level is also correlated with attention levels 40-seconds prior, 60-seconds 

prior, etc.  However, as seen in the PACF, once the correlation with the lag-1 value is accounted 

for, there is no significant correlation with earlier time values.  This suggests that the best 

prediction of current attention levels is simply the attention level 20-seconds prior. 

 

Step 2: AR (1) parameter estimation.  The AR(1) model parameters were estimated for all 

11 instructional activities.  In all cases, the AR(1) coefficient and µ estimates were significant 

indicating a significant contribution to the mathematical model (Table 7.11).  This means that the 

autoregressive component and the mean have significant explanatory power for the lecture time 

lines and both should be included in the final model.  

 
Table 7.11. AR(1) parameter estimates for pre-intervention lecture time series 

 

 
 

The ARIMA model fitting procedure simultaneously fits both autoregressive and moving 

average components.  In this study, only autoregressive components were identified.  Thus, the 

Instructional Activity AR(1), p µ, p 

CSGC W2B2 0.80, p<.0001 93, p<.0001 
CSGC W4A1 0.83, p<.0001 75, p<.0001 
CSGC W4C2 0.93, p<.0001 87, p<.0001 
CSGC W5A1 0.89, p<.0001 74, p<.0001 
CSGC W5B1 0.82, p<.0001 84, p<.0001 
CSGC W5C1 0.90, p<.0001 75, p<.0001 
URL   W2A1 0.91, p<.0001 88, p<.0001 
URL   W2B2 0.67, p<.0001 92, p<.0001 
URL   W2C1 0.78, p<.0001 93, p<.0001 
URL   W6B1 0.78, p<.0001 77, p<.0001 
URL   W6C1 0.92, p<.0001 71, p<.0001 
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ARIMA formulation given in Equation 7.1 can be simplified.  A pure, non-seasonal, non-

differenced autoregressive fit, like the AR(1), takes the form of  

 

𝑌! = 𝛿 + 𝜙!𝑌!!!

!

!!!

+ 𝜖!                                                                                                                (7.5) 

 

where δ = (1 – φ)µ.   

This is simpler than the ARIMA model given in Equation 7.1 because the moving average 

and difference portions have been removed.  This means that the lecture attention timeline, a 

pure, non-seasonal, non-differenced autoregressive process can be modeled by a weighted sum 

of previous attention values plus a random shock.  For the first-order autoregressive process 

AR(1), p equals one and the mathematical model is 

 

𝑌! = 𝛿 + 𝜙!𝑌!!! + 𝜖!                                                                                                                        (7.6) 

 

which reflects the fact that the series is modeled only with the most recent previous value.   

Now, the meaning of the AR coefficients given in Table 7.11 becomes clearer.  Ranging 

from 0.67 to 0.93, the AR coefficients indicate that the previous single value contributes a large 

amount to the prediction of the current attention values.  Left alone, the average attention to 

lecture is a fairly stable process, where present attention is estimated by the previous value.   

Step 3: AR(1) model verification.  AR(1) model verification was performed through an 

analysis of the residuals.  There were no significant lags in the residual ACF and PACF plots 

(Table 7.12, Appendix B) indicating that the residuals consisted of white noise with no 

correlation.  The residuals also passed test for normality.  These tests indicate that the AR(1) 

model is appropriate for all pre-intervention lecture time series. 

 

 

 

 

 

 



122 
 

Table 7.12. Subset of ACFs and PACFs for A(1) residuals 

Instructional 
Activity A(1) ACF (Residuals) A(1) PACF (Residuals) 

CSGC W2B2 

  

CSGC W4A1 

  

URL   W2A1 

  
  

Step 2 and 3 Revisited: AR (2) parameter estimation and verification for CSGC W4A1.  

In addition to the AR(1), the AR(2) model parameters were estimated for CSGC W4A1.  The 

AR(2) estimates were also significant for CSGC W4A1 (Table 7.13).  The AR(2) model that was 

estimated for CSGC W4Al was verified through an examination of residuals and normality tests.  

The residual ACF and PACF plots are shown in Table 7.14.  Again, there are no significant lags 

present and the residuals passed tests of normality.  These tests indicate that in addition to the 

AR(1) model, the AR(2) model is also appropriate for the CSGC W4A1 pre-intervention time 

series.   

 
Table 7.13. AR(2) parameter estimates for CSGC W4A1 

Instructional Activity AR(1), p AR(2), p µ, p 

CSGC W4A1 1.1, p<.0001 -.028, p=.0094 75, p<.0001 
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Table 7.14. ACFs and PACFs for A(2) residuals for CSGC W4A1 

Instructional 
Activity A(2) ACF (Residuals) A(2) PACF (Residuals) 

CSGC W4A1 

  
 
  

Since both AR(1) and AR(2) are appropriate fits for the CSGC W4A1 pre-intervention time 

series, a comparison of the fit for CSGC W4A1 based on AIC, SBC, and R2 was conducted. 

With lower AIC, lower SBC, and higher R2 (Table 7.15), the AR(2) model provides a better fit, 

but the fit is only marginally better.  In the case that two models appropriately fit the data, time 

series modeling relies on the principle of parsimony, which directs the modeler to select the 

simpler model.  Therefore, for the intervention analysis conducted in Section 7.4.2, the 

AR(1) model is used for CSGC W4A1. 

 
Table 7.15. AR(1) and AR(2) comparison for CSGC W4Al 

Instructional Activity Model AIC SBC R2 

CSGC W4A1 AR(1) 349 354 0.68 
CSGC W4A1 AR(2) 344 352 0.71 

 
 

7.4.2 Intervention analysis 

Based on the ARIMA model fitting results in Section 7.4.1, a first-order autoregressive 

model, AR(1), was used to conduct the intervention analysis.  Intervention coefficients (INTER) 

and their significance were calculated using the SAS 9.3 proc arima process.  The proc 

arima process calculates intervention coefficients based on the Conditional Least Squares 

Estimation and approximates significance based on Large Sample Theory (SAS Institute Inc., 

2010).  INTER coefficients and p values are given in Table 7.16.  The value of the coefficient 
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indicates the direction and degree of an intervention’s impact.  This coefficient is calculated only 

for the times t ≥ T (e.g., when INTERt =1).  (Refer to Equation 7.3 in Section 7.1). 

 
Table 7.16. Results of intervention analysis for pedagogical impacts 

Instructional 
Activity 

INTER 
coefficient p Significant? 

CSGC W2B2 1.9  p = .17 No 
CSGC W4A1 6.6  p = .0032 Yes 
CSGC W4C2 0.75  p = .68 No 
CSGC W5A1 4.4  p = .041 Yes 
CSGC W5B1 3.2 p = .14 No 
CSGC W5C1 4.8 p = .12 No 
URL   W2A1 -27 p = .0002 Yes 
URL   W2B2 -31 p < .0001 Yes 
URL   W2C1 -74  p < .0001 Yes 
URL   W6B1 3.6 p = 0.056 No 
URL   W6C1 Estimates did not converge. 

 
 

All six CSGC instructional activities had a positive INTER coefficient, indicating a positive 

impact on the attention within lecture time series.  Only two activities, CSGC W4A1 and CSGC 

W5A1, had statistically significant impacts (α = 0.05). The impact of URL activities on class 

attention was split.  All URL activities during W2 had significant negative impacts.  

Interestingly, in W6, Section B’s URL activity had a positive, non-significant impact.  Also in 

W6, the intervention analysis for URL W6C1 did not converge. This is likely due to the initial 

increase in percentage on-task followed by the dramatic decrease in percentage on-task. 

The final intervention model formula combines Equations 7.2 and 7.6, taking the form of 

Equation 7.7. 

𝑌! = 𝛿 + 𝜙!𝑌!!! + 𝜖!   + 𝑓[𝐼𝑁𝑇𝐸𝑅!]                                                                                        (7.7) 

 

where δ is (1-φ)µ and φ is the AR(1)  coefficient.  The values for µ and AR(1) are given in Table 

7.11, and the intervention coefficient is given in Table 7.16.  As an example, the final model 

formulation for CSGC W4A1 can be written as 
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𝑌! = 12.75+ 0.83×𝑌!!! + 𝜖!   + 6.6×𝐼𝑁𝑇𝐸𝑅!                                                                                        (7.8) 

 

where µ = 75, φ = 0.83, and the intervention coefficient is 6.6. 

 

7.5 Discussion  
 

This investigation examined the relationship between attention and technology-infused 

pedagogical practices (RQ4: How do technology-infused pedagogical practices impact student 

attention?). Using video records, instructors’ classroom sessions were coded for instructional 

strategies through which the instructor attempted to engage students with technology.  By 

relating this coded observation data with measured attention data obtained with the AWARE 

tool, relationships between technology-infused instructional interventions and student attention 

were explored.  The overall conclusion of this investigation is that instructional activities do 

impact attention.  With respect to activity type,  

 

• CSGC and POLL produce positive, temporary impacts on student attention. 

• URL activities produce strong, negative impacts on student attention. 

• It is possible to mitigate the negative impact of URL activities.   

 

The following sections discuss the results in more detail and provide avenues for future research. 

 

7.5.1 Change in on-task percentage based on instructional strategy 

The before-after analysis of change in instructional strategies included CSGC, URL, and 

polls (Table 7.8).  The CSGC and POLL active learning exercises examined in this study clearly 

bring students on-task initially with all 40 activities increasing the percent of on-task students 

during the activity.  Likewise, posting or mentioning websites clearly encouraged off-task 

behavior during the activity.  What happens after an active learning exercise is less clear.  Nearly 

one third of the CSGC activities and over half of the polls resulted in a net decrease in on-task 

levels when the instructor restarted lecture.   
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CSGC and POLL activities take the shape of an impulse wave.  That is, while there is a 

temporary increase in attention, the increase is not usually sustained after the activity ends.  

Often in the case of longer activities (e.g., CSGC W5A1 at 8 minutes 14 seconds, CSGC W6C2 

at 11 minutes 47 seconds, and POLL W7B2 at 3 minutes 5 seconds) student attention decreases 

during the activity, possibly due to students finishing early, and can result in a net decrease in 

on-task percentage.  Future studies could directly investigate if the timing or length of activity is 

a factor. 

Although it is worrisome that CSGC and POLL activities may result in a net decrease in 

percentage on-task, from a social constructivist approach, the more important finding is that 

students did participate in on-task activities at some point.  Knowledge develops as one engages 

in dialogue with others (Greeno, Collins, & Resnick, 1996). Therefore, any increase is percent 

on-task is positive as it reflects an increase in the number of students engaging in dialogue to 

support learning.  

 

7.5.2 Pedagogical intervention analysis 

All pre-intervention lecture timelines were fitted with an AR(1) model.  An AR(1) fit reflects 

the fact that a large discrepancy in one direction at time t-1 is likely followed by another 

discrepancy at time t in the same direction (Anderson, 1977).  

 The intervention analysis coefficients indicated that all CSGC activities had a positive impact 

on the lecture time series (Table 7.16).  However, only two of the interventions (CSGC W4A1 

and CSGC W5A1) were significant.  In the case of the non-significant impact CSGC W2B2, the 

attention level was high before the activity (95%, Table 7.3), so it is understandable that the 

change was not significant.  

 In the case of the URL intervention analysis, all W2 URL activities had large, significant 

decreases in attention.  In W2, two instructors may have mitigated learning decrements by 

allowing time in lecture for students to complete the URL activity.  In Section B, since the 

lecture continued while students visited the website, due to the limited capacity of attention, it is 

quite possible they missed lecture content while off-task.   

A second potential method of mitigating the negative URL impact was identified in W6.  

URL W6B1 had positive impact.  Though the impact was not significant, it is significant that this 
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URL activity did not result in a negative impact.  After analyzing the timeline, it is suspected that 

the CSGC activity immediately following the URL activity mitigated the URL negative impact.   

 

7.5.3  Improved sense-making for prior studies 

In the introduction to this Chapter, it was claimed that the intervention analysis herein might 

provide an avenue for sense making of the mix of positive and negative results reported by 

student computer-use research studies.  Indeed, the outcome of Hembrooke and Gay’s (2003) 

study reporting negative learning in a structured-use class is more understandable.  Their 

selection of technology-infused pedagogy was poor.  While URL is an instructor-directed, 

structured-use activity, URL activities promote off-task behavior of web searching.  Their 

continuation of lecture, similar to URL W2B1 and URL W2B2 in this study, would require 

students to divide their attention between lecture and the URL activity, which, due to the Limited 

Capacity of Attention, would likely result in learning decrements.  The insight generated from 

this investigation of pedagogical practices impact can be used for additional sense-making. 

 

7.5.4  Directions for future research 

An immediate avenue for future research is to examine common factors for CSGC and POLL 

activities that resulted in increased percentage on-task and common factors for a decrease in 

percentage on-task.  In this study, there is some indication that length of activity may play a role, 

but that factor was not specifically tested. 

This intervention analysis focused on three technology-infused interventions, CSGC, POLL, 

and URL.  From the unlabeled peaks and valleys in the annotated attention timelines shown in 

Figures 7.1-7.5, it is clear that other classroom activities impact attention.  From the video 

records, it appears that changing slides, vocal emphasis, and other factors initiate decreases or 

increases in attention.  The foundational theoretical framework and literature for this study did 

not provide a basis for direct investigation of these activities.  Future studies should begin with a 

more comprehensive framework for classroom behaviors and learning. 

This study could be immediately improved by using experimental methods.  The non-

experimental nature of this study resulted in the researcher observing classroom activities with 

no guidance or control of classroom activities.  With a quasi-experimental or experimental study, 
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confounding variables could be directly tested.  For example, a researcher could design activities 

of multiple lengths and test whether length of activity impacts the percentage of students on-task 

after an activity.  As another example, a single instructor could teach two sections to include a 

control section.  
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Chapter 8: A Look Back and a Look Ahead: Closing Remarks 

 
 

As computers become more prevalent (and required) in engineering classrooms, it has 

become increasingly important to address the dichotomy in our current understanding of their 

impact on student attention and learning. This research develops and validates a non-invasive 

research method that efficiently gathers real-time data on student computer usage.   

The primary purpose of this research is to determine the degree of validity for interpreting 

the active window on a student’s computer as a measure of that students’ attention.  The 

validation study was guided by two research questions: 

 

RQ1: To what degree can active window on a student’s computer be used as a proxy 

for representing in-class attention? (Construct validity) 

 

RQ2: How does learning relate to students’ classroom computer use?  (Convergent 

validity) 

 

The secondary purpose of this research was to demonstrate the benefits and the limitations of 

the Active Window Method by application.  The two themes that initially motivated this research 

were 1) the need to characterize students’ classroom computer-use without relying on self-

reports, and 2) the need for evaluating instructional practices.  Thus, the two applications focused 

on these areas, and were guided by two additional research questions: 

 

RQ3: What is the state of student attention in a technology-infused classroom? 

 

RQ4: How do technology-infused pedagogical practices impact students’ attention? 

 

Each research question was investigated and the results discussed in accordance with the 

dissertation roadmap (Figure 8.1). This chapter summarizes and synthesizes the results, which 

includes a discussion of the benefits and limitations of the Active Window Method.  It also 
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draws overall conclusions, explains the contributions to research and practice, and outlines future 

research possibilities. 

 
 

 
Figure 8.1. Dissertation roadmap (repeat of Figure 1.2) 
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8.1 Summary of Findings 

 

This investigation into students’ classroom computer use drew data from four sources: 1) 

direct observations of attention, 2) three post-lecture quizzes, 3) the Active Window Method as 

implemented in the AWARE tool, and 4) video records of lecture.  Participants were primary 

first-year engineering students enrolled in large engineering lectures with computers used in the 

structured-use format.  To improve the generalizability of the Active Window Method validation, 

direct observations were also conducted in large lectures with semi-structured computer-use 

format.  The semi-structured-use courses were the second-year engineering courses Statics and 

Dynamics.  Participants were all enrolled in the same engineering program that required the 

purchase of Tablet PCs.  In each of the studied large lectures, interactive learning software was 

used to interact with students.  Significantly, real-time data (measured every 20 seconds in this 

implementation) were collected from essentially every student in each large lecture.  The 

resulting data sets were comprehensive in the sense that behavior from every student was 

captured.  Also noteworthy is that the comprehensive data sets were comprised of actual student 

attention behaviors, rather than self-reports.   

 

8.1.1 Active method validity (RQ1 and RQ2) 

The Active Window Method was framed in Information Processing Theory and the Limited 

Capacity of Attention.  These theories combine to establish focused attention as a necessary 

element for and a precursor to learning.  That is, 1) students must pay attention to learn, and 2) 

student attention must be focused on course materials. 

Direct observations of student attention supported using students’ active window as a proxy 

for attention (i.e., the Active Window Method), but the support varied slightly by class type. The 

bootstrap technique resulted in a mean error of 4.28% (FYE) and 6.89% (S&D), with 95% 

confidence intervals of [2.81%, 6.04%] (FYE) and [4.42%, 10.17%] (S&D) (Section 4.2.3).   

In the structured-use FYE class, where course software was explicitly required, error was 

primarily false positive, or Type I error (76%, Table 4.3).  That is, students would leave course 

software open (AWARE behavior = on-task) but use a second device (actual behavior = off-

task).  In contrast, in the semi-structured-use S&D courses where course software was used but 

not explicitly required, error was overwhelmingly false negative, or Type II error (72%, Table 
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4.3).  In these courses, students would leave their browser or other window open (AWARE 

behavior = off-task) but they would look at and listen to the instructor (actual behavior = on-

task).  The difference in error types appears to be attributable to course type.  However, since the 

students in the semi-structured-use courses were at least two semesters ahead of the students in 

the structured-use course, it is possible that student maturity played a factor.  Nevertheless, 

irrespective of type of error, the bootstrap analysis of error rates provided strong evidence that 

active window is a valid proxy for attention (Section 4.2.3).   

In terms of convergent validity, post-lecture quizzes produced less persuasive evidence of 

validation of active window as a proxy for attention.  For the first two quizzes, student scores 

were uncorrelated with attention rate (Section 5.2.1 and 5.2.2). This result can partially be 

attributed to the quiz design, and a third quiz was designed to account for the prior-knowledge 

conundrum.  Though the third quiz did result in a significant correlation between students’ 

percentage time on-task and quiz grade (Section 5.2.3), the correlation was weak (rs = 0.24, p = 

0.02 and rs = 0.32, p = 0.0008).  Due to the theorized importance of attention for learning, the 

weak correlation was surprising. A reflective commentary on the methods was included in the 

discussion of post-quiz results (Section 5.3).  In summary, rather than using this as evidence to 

disprove the theories that framed this study, the researcher believes that either 1) operationalizing 

learning as post-lecture recall is flawed, or 2) the analysis should take a more real-time approach 

by investigating attention to lecture at the moment quiz content was introduced. 

Overall, the validity investigation into the Active Window Method resulted in strong 

evidence for construct validity and weak evidence for convergent validity.  The investigation 

also provided a detailed description of error types and rates, which will be useful for applying the 

Active Window Method in additional contexts. 

 

8.1.2 Characterization of average student attention (RQ3) 

The investigation into student attention using the Active Window Method followed a two-

phase approach.  First, a bottom-up approach allowed for the exploration of patterns currently 

present in the data.  Second, a top-down approach tested hypotheses centered on the amount of 

on-task behavior and the duration of on-task behavior.  The results showed that for a first-year, 

first-semester, structured-use engineering course: 
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• There is a negative trend in average on-task behavior over the semester progression 

(Table 6.7, Figure 6.2). 

• In terms of both percent on-task and length of on-task activity, students engage in more 

on-task behavior than off-task behavior (Table 6.8, 6.9, and 6.10). 

• There is no support that attention declines after 10-15 minutes of lecture (Table 6.12). 

 

By describing student attention and testing hypotheses, this investigation demonstrated the 

benefits of the Active Window Method.  By repeating the application of the Active Window 

Method in different contexts, researchers can develop a full characterization of students’ 

classroom computer usage. 

 

8.1.3 Pedagogical impacts on student attention (RQ4) 

By applying the Active Window Method in three sections over 5 weeks (15 lectures), this 

study evaluated the impact of three technology-infused instructional strategies on student 

attention.  The before-after comparison was used to analyze the impact of 27 activities that 

involved collecting student generated content (CSGC), 12 activities that utilized websites (URL), 

and 13 polling questions (POLL).  The intervention analysis analyzed a subset of the activities, 6 

CSGC and 5 POLL that met the criteria of 30 pre-intervention lecture data points (Table 7.9). 

The results showed that both CSGC and POLL questions encourage on-task behavior during 

the activity, but often CSGC and POLL activities resulted in a net decrease in percentage of on-

task students after the activities (Table 7.8).  The CSGC intervention analysis consistently 

showed positive effect during the activity, but the effect size varied and was only significant in 

two of the six cases (Table 7.16). 

URL activities encourage students to leave course software (Table 7.8).  The researcher 

recognizes that “leaving course software” can be considered on-task in some contexts.  However, 

with only one exception, there was a net decrease in percentage on-task when lecture restarted 

(i.e., after the URL activity ended).  The impact analysis confirmed the significant negative 

impact of URL activities (Table 7.16).  Two methods for mitigating the negative impact were 

identified.  First, immediately following an URL activity with a CSGC or POLL appeared to 

completely mitigate the negative impact on percent on-task (e.g., URL W6B1).  Second, 

allowing for a pause in lecture for students to explore URL before continuing with lecture does 
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not mitigate the negative effect, but it does ensure students do not have to split their limited 

attention capacity between the URL and lecture (e.g., URL W2C1). 

8.2 Overall conclusions 

  

The three primary conclusions of this work are: 

 

1. The Active Window Method is a valid method for investigating a variety of research 

problems related to student computer use in structured-use and semi-structured-use 

courses. 

2. Instructors have an effect on, and can control, student attention. 

3. Information Processing Theory alone is insufficient for framing the discussion of 

classroom computer use and learning. 

 

First, the larger value in this work is using the knowledge gained from the Active Window 

Method in context with data sources.  For example, the application presented in Chapter 7 

highlighted the combination of video records to provide timelines of lecture activities with the 

AWARE record of student attention.  The results from that combination provided insight into 

how URL, CSGC, and POLL activities affected lecture.  Similarly, active window data can be 

combined with other methods (e.g., interviews, surveys, focus groups) to provide explanatory 

power for additional studies investigating student computer-use and other factors (e.g., learning 

styles). 

Second, in the results from the investigation of pedagogical impacts provide clear and 

convincing evidence that both instructor actions and instructional design have an effect on 

student attention.  This is consistent with active learning literature where instructors are 

challenged to take responsibility for student engagement (Chen, Lattuca, & Hamilton, 2008; 

Smith et al., 2005).  The clear and convincing evidence can be used to promote instructors’ 

responsibility for student attention. 

Third, while not necessarily disproving Information Processing Theory, the results from this 

study do highlight the fact that Information Processing Theory may be insufficient for explaining 

attention and learning in technology-infused classrooms.  The theory simplifies learning to rote 

memorization.  At the university level, learning typically involves more complex processes.  
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Another fault with Information Processing Theory is that it includes no framework or parameters 

for context.  This study provided context in the description of students, courses, and instructors.  

Additionally, context for the attention timelines was provided via the lecture video records.  The 

results of the AWARE application in Chapter 7 were meaningless without context.  However, 

Information Processing Theory does not include a method of framing the discussion of context.  

This is a critical issue because, similar to this study, most studies investigating attention in 

technology-infused classrooms utilize a combined framework of Information Processing Theory 

plus one of the three Divide Attention Theories: Limited Capacity, Cross-talk, or Task-switching 

(for a comparison of attention theories, see Roda & Thomas, 2006).  Future researchers should 

consider moving beyond theories of cognitive storage, and examine theoretical frameworks that 

can provide additional insight into the understanding of student attention, meaningful learning, 

and computer use in classrooms. 

 

8.3 Benefits and Limitations 

 

There are two primary limitations of the Active Window Method: 

 

1. The Active Window Method only provides information on whether a student is in 

course software or not in course software. 

2. The Active Window Method can only be used in courses where there is a clear 

datum for on-task (e.g., in this study, DyKnow Vision). 

 

Essentially, these two limitations combine to mean that a researcher cannot use Active 

Window Method without knowing the context of the computer use.  Repeatedly, portions of the 

lecture where there was no datum (e.g., free time for instructor 5, week 14) were eliminated.  If 

lectures are recorded with the Active Window Methods and the active datum is not valid (e.g., 

Labview demo in Week 9), the error will increase.  Without the lecture context, the data 

interpretation becomes meaningless. 

In addition, the Active Window Method cannot be used in classes where multiple, 

unspecified software programs would be considered on-task.  An example course would be one 

in which students take notes without the direction of the instructor.  The Active Window Method 
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would not be valid in that case because students may be using Microsoft Word, Microsoft One 

Note, or Notepad, for example, to take notes. In that case, on-task behavior could possibly be 

equated with a variety of software programs, resulting in an unknown datum. 

 

There are two primary benefits of the Active Window Method:   

 

1. The Active Window Method collects actual student behaviors in real-time data.   

2. The Active Window Method allows for data collection in a variety of contexts.  [In 

the current AWARE implementation, data can be collected in any course that uses 

DyKnow Vision 5.5.] 

 

Importantly, the Active Window Method does not rely on self-reported attitudes and 

perceptions.  The active method collects data on actual student behaviors.  That fact does not 

preclude the Active Window Method from being applied in conjunction with self-reports to 

determine their accuracy or to provide multiple sources of data.   

While the active window does require an on-task datum, the method is still applicable in a 

multiple contexts.  This research investigated large, primarily first-year engineering lectures that 

used DyKnow Vision as the on-task datum. Using the current Active Window Method 

implementation, the AWARE tool, data can immediately be collected in other courses with the 

same DyKnow Vision datum.  Future implementations could straightforwardly extend the Active 

Window Method to additional interactive learning software packages, such as Classroom 

Presenter.  Other extensions that do not already have the two-way communication between 

instructors’ and students’ computers is less straightforward, but could be implemented through a 

combination of semester-long data storage on students’ machine and then an end of the semester 

transfer to researchers’ machines. 

 

Additionally, the AWARE active window implementation in this study has two benefits 

for protecting student privacy: 

 

1. The AWARE implementation limits data collection to times when students are 

logged into the software (i.e., class). 
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2. There is no additional software required, and depending on research study details, 

data collection can be conducted without altering student behaviors. 

 

 The AWARE implementation incorporated the Active Window Method into current 

interactive learning software.  At the beginning of each class, the instructor initiated the course 

session and students had to sign in to the session on their computers. At that time, the researcher 

would initiate data storage (i.e., screen capture). Student interactions with courses via the course 

software were routed through a dedicated server that provided active window monitoring.  At the 

end of the class, or when a student signs out of a session, data collection would automatically 

end.  Therefore, the AWARE implementation limited the recording of students’ changes in 

active window to only those students who signed into the class session, and only during the class 

session.  In this respect, the AWARE implementation is superior to existing Spyware techniques 

that record invasive data 24 hours a day.  

Second, by utilizing the built-in DyKnow active window widget, AWARE requires no 

additional software installation.  The active window monitoring widget is integrated into 

students’ required course software, and it is automatically installed onto the students’ computer 

when they install the DyKnow software.  The students are not aware of the tool’s presence since 

the visual display only appears on the instructor’s computer.  Thus, the AWARE implementation 

avoids concerns of the research observation impacting student behavior.  Furthermore, as it’s 

based in a proven software package, the research tool does not affect student computer 

performance or interfere with other installed software.  Again, in this respect, the AWARE 

implementation is superior to Spyware that requires multiple updates and firewall 

customizations. 

  

8.4 Contributions to the Research Community 

 

This work has two contributions to research: 

 

1. A real-time characterization of students’ in-class computer use. 

2. A validated research tool that can be used in additional studies. 
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Through validating this research tool and analyzing collected data from several first-year 

engineering course meetings, this project has resulted in a clearer understanding of students’ in-

class computer use. Gaining such understanding is of significant merit, as it is a critically 

important first step towards designing instructional methods aimed at increasing positive 

computer interaction. 

In addition to the understanding gained within the scope of this document, the Active 

Window Method and the AWARE research tool combine to represent a significant contribution. 

The method and the tool enable scholars to better understand student learning gains and to better 

characterize and assess pedagogical interventions in technology-infused classrooms. The tool can 

be used to address future research questions investigating student attention in technology-infused 

classroom, including questions investigating relationships with content, pedagogy, or physical 

classroom factors.   

Though the researcher provides cautions on widespread deployment without context 

throughout this document (e.g., see limitations in Section 8.2), it is possible that the tool may 

allow for the future research in contexts where observations of attention are not possible (e.g., 

distance learning courses).  Fundamentally, the Active Window Method represents a novel 

means of conducting engineering education research in technology-infused classrooms, and, 

thus, significantly impacts on its practice beyond the results of this study are expected.. 

 

8.5 Contributions to Practice 

 

This work has two contributions to practice: 

 

1. A set of “best practices” that can be used as a guide for incorporating computers 

into classroom instruction (from this and future studies). 

2.  A means for empirically self-evaluating lectures and providing feedback to 

instructors (e.g., providing summary statistics of lectures).  

  

This research has immediate practical implications in course design and instructional 

strategies.  The findings from this and future research studies have resulted in a more complete 

understanding how CSGC, URL, and POLL pedagogical techniques impact attention.  This 
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understanding, and the understanding generated from future studies, will produce a set of “best 

practices” that can be used as a guide for incorporating computers into classroom instruction 

(e.g., Mohammadi-Aragh & Kajfez, 2013).  For example, the analysis of URL activities can be 

used to encourage instructors to avoid mentioning websites during lecture without following the 

URL with a mitigating activity.   

Developing a set of research-based best practices is significant since the time requirements 

for learning technology and modifying lectures cause many instructors to forgo technology and 

rely on their previous teaching methods (Horton Kim, Kothaneth, & Amelink, 2011; Toto, Lim, 

Nguyen, Zappe, & Litzinger, 2008; Wurst, Smarkola, & Gaffney, 2008).  With a set of “best 

practices”, instructors can focus on learning and incorporating proven techniques with the 

greatest impact, which should reduce the time requirement.   

In addition to empirically evaluating instructional interventions, this research provides a 

means for empirically evaluating lectures and providing feedback to instructors.  Summary 

statistics, such as percentage on-task, can be used to identify lectures in need of future revision.  

With clear and direct links with practice, this research is a clear response to American Society 

for Engineering Education’s call to “close-the-loop” between engineering education research and 

practice (Jamieson and Lohmann, 2009). 

	  

8.6 Directions for Future Research 

 

Now validated, the Active Window Method can be used to explore numerous additional 

research questions. Fundamentally, active window can be used to characterize student computer 

use in classrooms that utilize interactive learning software.  This study includes a preliminary 

exploration of the connections between active window and three forms of technology-infused 

pedagogy (Chapter 7).  The Active Window Method could enable more in-depth exploration of 

pedagogy in a variety of courses.  By capturing active window data from every student in real-

time, researchers can make recommendations for the use of active learning exercises in lecture, 

course design, and interactive learning software design. 

As an initial research study into the Active Window Method, this research supports multiple 

avenues of future research.  Incremental future research directions were discussed in the 

preceding Chapters and include: 
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• an investigation into the relationship between meaningful learning and attention as 

measured by students’ active window using alternatives to the post-lecture quiz (Section 

5.3.1); 

• an analysis of real-time learning in conjunction with real-time attention by analyzing quiz 

results by the specific time material was presented in lecture (Section 5.3.1); 

• describing and comparing student attention patterns in multiple courses (Section 6.3); 

and, 

• evaluating the impact of additional pedagogical interventions (Section 7.5.3). 

 

Broad avenues of future research focus on combining the Active Window Method with 

additional sources of data, likely taking a mixed methods approach, and include: 

 

• an investigation of student computer use over time;  

• an investigation into individual modes of attention; and 

• the application of multivariate modeling approaches. 

 

This dissertation presents strong evidence that differences in error rates between structured 

and semi-structured technology-infused classrooms are due to instructional techniques.  

However, differences could also be due to behavioral changes over time.  It is possible that 

students develop different computer use behaviors as they progress through an engineering 

degree program.  The structured-use students were mostly first-year, first-semester students, and 

the semi-structured students were mostly second-year.  Following first-year, first-semester 

students longitudinally as they progress through their academic programs will generate an 

understanding of how computer-use behaviors develop and change over time and what factors 

contribute towards computer usage that promotes positive learning outcomes. 

The characterization application in this research study focused on the aggregate case 

(Chapter 6).  Based on observations and a random sample of individual student attention, it is 

hypothesized that there are multiple modes of individual student attention.  For example, during 

observations, students were observed to be primarily on-task but would “check out” of the 

lecture to read social media sites or check e-mail.  At the same time, other students were 
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observed to be primarily off-task but would “check in” to lecture by flipping through the slides to 

see what material they had missed.  It is expected that these two modes, and others are present in 

the individual student attention timelines.  Since individual student timelines are square waves 

(i.e., 0s and 1s), wavelet transforms could be applied to investigate whether the duration of 

students’ on-task/off-task time is related to measures of learning. 

Finally, the modeling analysis used in this study took a univariate approach, investigating 

pedagogical impact with a single variable, measured attention (Chapter 6).  Students’ measured 

attention was aggregated to investigate class attention as a whole.  Underlying trends and 

mathematical models were identified for the aggregate case (Chapter 7).  In addition to repeating 

this study’s active window applications in different class types, a natural next step is to pursue 

multivariate analysis.  For example, Huang and Fang’s (2013) mathematical models predicting 

student success in Dynamics courses may be improved by including measured attention as a 

predictor variable.  Similarly, student classroom computer could possibly be linked to retention 

in engineering discipline or student success measures.  Using measured attention as variable in 

multivariate analyses may increase the explanatory power of multivariate analyses. 

	  

8.7 Closing Remarks 

 

My research has provided, and will continue to provide, valuable new insight into student 

computer use in technology-infused classrooms.  First, the validation of a new research method 

for investigating student computer use is a significant contribution.  For example, while error 

does exist in the interpretation of active window as attention, the error rate (4.28% for FYE and 

6.89% for S&D) is significantly less than the error rate for self-reported instant messaging use 

(40%).  In addition, the Active Window Method can be immediately applied to continue 

improving our understanding of student computer-use in various contexts.  Indeed, I am 

currently using the AWARE tool, developed and applied herein, to collect data in additional 

classrooms due to instructors’ request.   

My choice of the initial active window applications to pursue in my dissertation not only 

enabled the demonstration of the potential for the Active Window Method – the applications, 

themselves, contributed new insight.  We now know that the initial high attention level in a first-

year, first-semester engineering course decreases over the semester in conjunction with 
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decreasing course attendance.  We also have empirical evidence that displaying, mentioning, or 

discussing websites will result in decreased attention to lecture.   Armed with these facts, future 

qualitative or mixed methods studies can provide more rich descriptions, and answer questions of 

why and how.  

I began this project with the idea that I could improve technology-infused pedagogy in my 

own classroom.  To me, the fact that other practitioners find value in my work is most exciting.  

Since the onset of my work, I have had many casual conversations with my participating 

instructors as well as other non-participating instructors regarding ideas they would like to test in 

their own classrooms based on my work.  There is a similar air of excitement from those in 

university-level technology support positions who envision using my work for faculty 

development.  As a pragmatist, I thrive on these strong links to practice found in my work.  Now, 

I look forward to my future investigations that will improve upon the design and methods of my 

dissertation work and lead to an even greater understanding of student computer use in 

technology-infused classrooms.   
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Appendix A: Post-lecture Quizzes 
 

 

This appendix contains the quiz questions for the three post-lecture quizzes used to measure 

learning.  The quiz results were correlated with measure attention in Chapter 5 to examine 

convergent validity for active window.  All quizzes were administered in the last few minutes of 

the lecture period, immediately after the conclusion of the selected lectures.  Quizzes were 

developed in conjunction with lecture instructors, and all quiz content was both presented in the 

lecture and present on the lecture slides.  
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A.1 – Quiz 1 
 
Quiz 1: LabVIEW Lecture Quiz (FYE-1, Week 9) 
 
Name:_________________________________           PID: _________________________ 
 
Workshop Leader Name: ____________________ Workshop CRN: _________________ 
 
Directions: This is a closed-notes, closed-laptop lecture quiz.  Please clearly indicate your 
answer choice.   
 
1. Which two windows make up the backbone of all LabVIEW code?  

a) Front Panel and Block Diagram 
b) Back Panel and Block Diagram 
c) Front and Back Panel 

 
2. Which keystroke shortcut removes broken wires from the Block Diagram? 

a) Ctrl + E 
b) Ctrl + W 
c) Ctrl + B 
d) Ctrl + Z 

 
3. True or False: The Back Panel is where all the knobs, buttons, and graphs are placed. 

a) True 
b) False 
 

4. True or False: A node executes only when data are available at all of its input terminals.  
a) True 
b) False 

 
5. Right Clicking on the Block Diagram brings up which window? 

a) Controls Palette 
b) Tool Palette 
c) Functions Palette 
d) Context Help 

 
6. What does VI stand for? 

a) Vital Indicator 
b) Virtual Instrument 
c) Vital Instrument 
d) Virtual Intelligence 

 
 

7. True or False: Controls are outputs. 
a) True 
b) False 
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8. What color is a Integer data type in LabView? 

a) Orange 
b) Blue 
c) Green 
d) Pink 

 
9. What color is a Boolean data type in LabView? 

a) Orange 
b) Blue 
c) Green 
d) Pink 

 
10. What is this? 

 
a) Numeric Control 
b) Numeric Indicator 
c) A Number 
d) An Array 
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A.2 – Quiz 2 
 
Quiz 2: Globalization Lecture Quiz (FYE-1, Week 14) 
 
Name:_________________________________           PID: _________________________ 
 
Workshop Leader Name: ____________________ Workshop CRN: _________________ 
 
Directions: This quiz consists of ten (10) total questions.  This is a closed-notes, closed-laptop 
lecture quiz.  Please clearly indicate your answer choice.   
 
 

1. According to the guest speaker, __________________ year is the best time to participate 
in study abroad.  
d) Freshman 
e) Sophomore 
f) Junior 
g) Senior 
h) None of these.  Participating in study aboard will automatically add an extra year to 

my degree program. 
 

2. In Fall 2009, where did Patrick Carter study abroad? 
e) Sweden 
f) Japan 
g) Italy 
h) Spain 
i) Mexico 

 
3. True or False: To receive transfer credit for study abroad at Virginia Tech, your study 

abroad experience must be within Europe. 
c) True 
d) False 

 
4. True or False: You must have exceptional conversational abilities in a foreign language 

to participate in study abroad. 
c) True 
d) False 

 
5. What are at least 2 benefits to studying abroad? 

 
a. _______________________________________________________________ 
 

 
b. ________________________________________________________________ 

 
 



153 
 

 
 

6. Which book was discussed as informing the skills future engineers will need? 
a. The Future Engineer 
b. The World is Flat 
c. The Engineer of 2020 
d. Engineering Students and the Globe 
e. Changing the Conversation 

 
7. Write one to two sentences to answer the question, why is it important to discuss 

globalization and being a globally conscience engineer?  
 
8. What percentage of your grade does the Final Exam account for? 

e) 16% 
f) 22% 
g) 25% 
h) 30% 
i) None of these 

 
9. The format of the final exam is: 

e) 20 multiple choice questions and 2 work out problems 
f) 30 multiple choice questions and 2 work out problems 
g) 45 multiple choice questions and 1 work out problems 
h) 50 multiple choice questions only 
i) None of these. 

 
 

10. What is the proper procedure for filling out ENGE 1024 evaluations? 
a) I should fill out online evaluations for {Instructor1 Name}, {Instructor2 Name}, and 

my Workshop Leader via the directions received in email (SPOT). 
b) I should fill out online evaluations for {Instructor1 Name} and my Workshop Leader 

via the directions received in email (SPOT). (Do not fill out an evaluation for 
{Instructor2 Name}) 

c) I should fill out an online evaluation for {Instructor1 Name} via the directions 
received in email (SPOT) only.  We will complete Workshop Leader evaluations in 
lecture next week. 

d) We will complete all evaluations ({Instructor1 Name} and my Workshop Leader) in 
lecture next week. 

e) None of these. 
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A.3 – Quiz 3 
 
Quiz 3: Dimensioning Lecture Quiz (FYE-2, Week 3) 
 
For questions 1-5, select the answer choice that is most correct. 
 
1. Which of the following best describes the use of units for labeling dimension lines? 

A. Dimensions should have a quote mark (”) to indicate inches. 
B. Dimensions should have two m’s (mm) to indicate millimeters. 
C. Dimensions should be in the original problem statement’s units and use the appropriate 
unit abbreviation. 
D. None of the above; units are not shown in dimensions. 

 
2. Which of the following is the contour rule? 

A. A dimension should be placed in only one view. 
B. Dimensions should be placed in the view where the shape is best shown. 
C. Dimension lines should not cross extension lines. 
D. Drawings should not be over dimensioned. 
E. Avoid dimensioning to Hidden Lines. 
 

3. Use the _______________ for arcs >180; use the _______________for arcs < 180. 
A. radius symbol (R); diameter symbol (φ) 
B. radius symbol (ρ); diameter symbol (λ) 
C. diameter symbol (φ); radius symbol (R) 
D. diameter symbol (λ); radius symbol (ρ) 
E. None of the above; symbols are not shown in dimensions. 

 
4. Which of the following is the correct symbol for a countersink? 
 

A.   B.   C.   D.   E.   

 
5. For the dimension 3.02 ± 0.04, the tolerance is? 

A. 0.02 
B. ± 0.04 
C. 0.04 
D. 0.08 
E. None of the above. 
 

For questions 6-8, you will receive full credit for honest answers using the following 
responses: 
  
A. None at all   B. Only a little   C. Some   D. A lot 
 
6. How much of the assigned reading did you complete before coming to class? 
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7. How much prior graphics knowledge (e.g., dimensioning) did you have before ENGE 1114? 
8. How much were you paying attention during lecture today?  
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Appendix B: ACF and PACF for Time Series Analysis 
 
 

Appendix B contains autocorrelation function (ACF) and partial autocorrelation function 

(PACF) plots that were used during the ARIMA modeling steps in Chapter 7.   

The ACF and PACF for each pre-intervention lecture time line given in Table B.1.  These 

ACF and PACF plots were used for ARIMA model identification (Step 1) presented in Section 

7.4.1. 

The residual ACF and PACF plots are given in Table B.2.  These residual ACF and PACF 

plots were used for model verification (Step 3) in Section 7.4.1, and indicate that the residuals 

consisted of white noise with no correlation.  
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Table B.1. ACFs and PACFs for all 15 pre-intervention lecture time series 

 
Instructional 

Activity ACF PACF 

CSGC W2B2 

  

CSGC W4A1 

  

CSGC W4C2 

  

CSGC W5A1 
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Instructional 
Activity ACF PACF 

CSGC W5B1 

  

CSGC W5C1 

  

URL   W2A1 

  

URL   W2B2 

  

URL   W2C1 
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Instructional 
Activity ACF PACF 

URL   W6B1 

  

URL   W6C1 
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Table B.2. Residual ACFs and PACFs for all 15 pre-intervention lecture A(1) models 

 
Instructional 

Activity ACF (Residuals) PACF (Residuals) 

CSGC 
W2B2 

  

CSGC 
W4A1 

  

CSGC 
W4C2 

  

CSGC 
W5A1 

  
 
 
 
 
 

  



161 
 

Instructional 
Activity ACF (Residuals) PACF (Residuals) 

CSGC 
W5B1 

  

CSGC 
W5C1 

  

URL   
W2A1 

  

URL   
W2B2 
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Instructional 
Activity ACF (Residuals) PACF (Residuals) 

URL   
W2C1 

 
 

URL   
W6B1 

  

URL   
W6C1 

 
 

 
  
  
 
 




