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ABSTRACT 

We investigate the relationship between a student’s time off-task 

and the amount that he or she learns to see whether or not the 

relationship between time off-task and learning is a more complex 

model than the traditional linear model typically studied. The data 

collected is based off of students’ interactions with Cognitive 

Tutor learning software. Analysis suggested that more complex 

functions did not fit the data significantly better than a linear 

function. In addition, there was not evidence that the length of a 

specific pause matters for predicting learning outcomes; e.g. 

students who make many short pauses do not appear to learn more 

or less than students who make a smaller number of long pauses. 

As such, previous theoretical accounts arguing that off-task 

behavior primarily reduces learning by reducing the amount of 

time spent learning remain congruent with the current evidence.  

  

Categories and Subject Descriptors 
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1. INTRODUCTION 
Today, students are interacting with technology of various forms 

more than ever during learning. One context where this is 

occurring is in middle school and high school mathematics 

classes, where learning increasingly occurs from students using 

educational software in a classroom with a teacher present. One 

such form of educational software which is used progressively 

more in the United States is Cognitive Tutor software [11], where 

student learning is individualized based on assessment of the 

student’s current learning and the factors leading to a specific 

student error.  

 

 

 

Cognitive Tutors are now used in more than 6% of U.S. secondary 

schools. Cognitive Tutors have been shown to enable individual 

students to learn at their own pace, while empowering teachers to 

spend instructional time in one-on-one teaching episodes with the 

students who are struggling most [16]. Educational software like 

Cognitive Tutors provide extensive logs of student performance 

[12], enabling not only more effective learning for individual 

students, but supporting  analysis of student learning over time, 

using methods from learning analytics [17] or educational data 

mining [3]. 

 

In this paper, we study the relationship between a student’s 

learning gain and his or her off-task behavior. One key model for 

this relationship is Carroll’s Time-On-Task hypothesis. This 

hypothesis argues that off-task behavior reduces learning by 

reducing the amount of time spent on-task [7]. However, there are 

several factors that may complicate this relationship. In particular, 

it is possible that taking a short break may improve cognition 

afterwards [cf. 13]. Hence, short pauses may impact learning 

differently than longer pauses. In addition, it is possible that a 

qualitative difference may be seen between students who go off-

task for a break, and students who are more fundamentally 

disengaged; hence, students who are off-task for large proportions 

of time may have greater reduction of learning than could be 

anticipated through a simple linear model. For this reason, we 

investigate the differences between several models of the 

relationship between off-task behavior and learning, leveraging 

both quantitative field observations of off-task behavior [cf. 2] 

and an automated detector of off-task behavior [cf. 4] to measure 

both overall prevalence of off-task behavior and the duration of 

individual episodes.  We looked at the percent of time off-task 

and the number of brief and lengthy off-task episodes to study the 

relationship between these factors and learning gain. 

 

Through the use of statistical analyses on medium-sized 

educational data sets, a form of learning analytics [cf. 17], we can 

better understand how off-task behavior influences learning and 

under what conditions off-task behavior influences learning 

differently. A learning analytics analysis using similar methods 

includes research on student activities during writing [cf. 5]. 

 

Past studies conducted on students using educational software 

have generally shown a negative correlation between off-task 

behavior and learning during the use of the software [8, 9, 15]. A 

similar pattern has been seen when studying these relationships 

outside of technology, generally finding a negative relationship 

between learning and off-task behavior (see [6] for an extensive 

review of this literature). However, these studies have typically 
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Figure 1: The predicted post-test score (from the non-linear 

model below) compared to the percent of time-off-task. 

not explored non-linear relationships. A study done by Karweit 

and Slavin, however, found that changing the length of 

observation periods affected the strength of the relationships 

between off-task actions and learning [10]. This supports the 

notion that the length of off-task episodes may be predictive of 

student learning, as well as the overall quantity of time spent off-

task.  

 

2. DATA 
The students in this experiment used educational software in the 

domain of scatterplots, a subject taught in the data analysis 

portion of middle school mathematics in the United States. 

Initially, students took a pre-test to determine how well they knew 

the material at hand.  Afterwards, the students interacted with a 

Cognitive Tutor lesson teaching this topic [1], for approximately 

80 minutes apiece. Finally, a post-test assessment was given to 

evaluate the students’ progress. Full details on the assessments are 

given in [1]. 186 students completed the pre-test, the tutor 

activity, and the post-test. These students were drawn from 

multiple previous studies in separate years [cf. 8], but each used 

the same tutor software under the same conditions (in some 

studies, these students served as the control condition which was 

compared to a modified version of the tutor – students using 

modified versions of the tutor are not analyzed in this paper). 

  

Data on student off-task behavior was gathered using two 

methods. While students engaged in the cognitive tutor classroom 

[11], two observers recorded student’s behaviors using 

quantitative field observations [2].  The students were observed 

using peripheral vision in order to decrease potential observer 

effects, in a sequence of 20-second long observations cycled 

across students. In each observation, the student’s behavior was 

noted in terms of whether it involved off-task behavior [2, 4], in 

order to compute the percentage of time each student was off-task. 

Off-task behavior was defined as any of the following: off-task 

conversation (talking about anything other than the subject 

material), off-task solitary behavior (any behavior that did not 

involve the tutoring software or another individual, such as 

reading a magazine or surfing the web), and inactivity (such as 

staring into space, or the student putting his/her head down on the 

desk, for at least 20 seconds – brief reflective pauses by a student 

actively using the software were not counted as off-task). Other 

behaviors such as actively working in the software, collaborating 

with other students, and gaming the system (intentionally 

misusing the software in order to successfully complete problems 

[cf. 2]) were not counted as being off-task. 

 

The second method used an automated detector of off-task 

behavior developed using data mining [4], built using the field 

observations as ground truth. The off-task detector is a latent 

response model used to infer exactly when off-task behavior 

occurs, from features of individual student actions and recent 

student behavior before those actions. The detector was shown to 

achieve a correlation over 0.5 to the proportion of off-task 

behavior observed, under student-level cross-validation. As such, 

we use the detectors’ inferences as components in further analysis, 

a process termed “discovery with models” [3]. As off-task 

episodes can sometimes be caught by the detector from the 

behavior occurring shortly after the actual off-task episode (in 

which case they are identified by very quick actions coming after 

the a long pause) [4], we label each off-task pause with the length 

of the longest pause in the sequence of 5 student actions 

considered by the detector when making an inference. 

 

3. ANALYSIS 

3.1 Percent of Time Off-Task 
The first relationship that we considered was the percentage of 

time the student spent off-task while using the cognitive tutor. 

Post-test score was the indicator used as an assessment of the 

student’s eventual learning.  

 

With the analyses in this section, we measure each student’s 

proportion of off-task behavior, using the field observations, as 

this is the most standard method for assessing off-task behavior, 

used by researchers for decades [e.g. 2, 4, 6, 9, 10]. A student’s 

proportion of off-task behavior, is statistically significantly 

negatively correlated to their post-test score, r= -0.229, F(1,184) = 

10.150, p<0.01. The student’s pre-test score was statistically 

significantly positively correlated to the post-test as well, r= 

0.299, F(1, 184) = 18.007, p<0.001.  

 

In order to study the relationship between off-task behavior and 

learning, we can analyze the relationship between off-task 

behavior and the post-test, while controlling for the pre-test. The 

best-fitting linear model of this relationship is:  

 

Post = 0.273Pre - 0.394OT + 0.617 

 

Within this model, the off-task term was significantly different 

than chance, t(185)= -2.412, p=0.017.  

 

We can also investigate a non-linear model (shown in Figure 1), 

including the percentage of time off-task, squared, which 

produced the best-fitting equation: 

 

Post = 0.275Pre - 0.848OT2 + 0.598     

 

For the off-task squared term, t(185)= -2.295 and p=0.023.  

 

Hence, both linear and quadratic models based on off-task 

behavior are significant predictors of student off-task behavior. In 



order to investigate whether one model is significantly better than 

the other, we compare the models using the Bayesian Information 

Criterion for Linear Regression, BIC’ [14].  BIC’ is a formula 

used to see how well a specific model predicts the data given the 

number of parameters (e.g. models with more parameters should 

achieve better fit simply by chance). It can also be used to 

compare two non-nested models of the same dependent measure, 

so we can use it to compare the models predicting post-test using 

the proportion of off-task behavior in a linear fashion, and the 

proportion of off-task behavior, squared. In the first case, where 

pre-test and percent of time off-task predict post-test, the BIC’ 

produced a result of -12.685; while pre-test and percent of time 

off-task squared produced a result of  -12.255. Although the 

regression model that uses time off-task squared produces a 

higher r value, the difference in the BIC’ of the two models is 

only 0.430. This indicates that the two models are not statistically 

different, which would be indicated by a difference of 6 or greater 

[14]. Hence, there is not a strong justification for preferring a non-

linear model of the relationship between off-task behavior and 

learning, to a linear model, although there is a trend in that 

direction.  

 

3.2 Number of Brief/Lengthy Times Off-Task 
A second question is whether lengthy pauses impact learning in a 

different fashion than brief pauses. It has been shown that breaks 

in the workplace can reduce mental fatigue and ultimately lead to 

better employee performance on cognitive tasks [13]. Thus, it is 

possible that the number of times a student has either brief or long 

pauses affects their learning gain.   

 

Within the analyses in this section, we use the automated detector 

of off-task behavior rather than the field observations of off-task 

behavior. The type of field observation used when the data was 

first collected – round-robin observations of an entire classroom 

by one or more field observers – gives a useful representation of 

the total proportion of time each student is off-task, but it does not 

shed light on how long individual episodes of off-task behavior 

are. By labeling every student action across the entire session (and 

gaps between actions) as to whether it is off-task or not, 

automated detectors allow us to analyze the length of individual 

episodes of off-task behavior.  

 

An analysis predicting learning using the total number of times 

off-task gave the following results. These two variables had a 

correlation of 0.053, F(1,184)=0.519 and p=0.472.  When pre-test 

was included as a covariate, there was not a substantial difference 

for the term indicating the number of times off-task: t(185)= 

0.027, p= 0.979. Hence, these results show that the total number 

of off-task episodes as indicated by the detector is not predictive 

of learning; however, when broken into brief and lengthy episodes 

there may be a significant relationship. 

 

To investigate the difference between lengthy and brief pauses, we 

split the off-task episodes, as assessed by the detector, by their 

length in two fashions. First, a median split was conducted in 

terms of the length of an off-task episode. Episodes that were 

shorter than the median 65.9 seconds were classified as “brief” 

off-task episodes, whereas episodes that were longer than the 

median were classified as “lengthy” off-task episodes. We also 

conducted a quartile split, and compared the shortest-time quartile 

(less than 26.0 seconds) of the off-task episodes to the longest-

time quartile (longer than 124.9 seconds) of the off-task episodes. 

In this manner, we can examine the difference in the correlation 

between learning gain and the number of times a student spent 

off-task, between brief off-task episodes and lengthy off-task 

episodes. 

 

We first analyze the median split. The relationship between the 

number of off-task behavior episodes shorter than 65.9 seconds 

and the post-test was not significant, r= -0.028, F(1,184)=0.142, 

p=0.706. The relationship between the number of off-task 

behavior episodes longer than 65.9 seconds and the post-test was 

surprisingly also not significant, r= -0.056, F(1,184)=0.586, 

p=0.445. These patterns remained non-significant even when 

included the pre-test as a covariate. There was essentially no 

difference between these two models, BIC’ = 0.  

 

A similar pattern is seen when comparing the top quartile and 

bottom quartile. The relationship between the number of off-task 

behavior episodes shorter than 26.0 seconds and the post-test was 

not significant, r= -0.101, F(1,184)=1.897, p=0.170. The 

relationship between the number of off-task behavior episodes 

longer than 124.9 seconds and the post-test was surprisingly also 

not significant, r= -0.077, F(1,184)=1.098, p=0.296. This pattern 

remained non-significant even when pre-test was included as a 

covariate. The difference between these two models was not 

significant, BIC’ = -1.501 

 

4. DISCUSSION AND CONCLUSIONS 
In general, this paper replicated previous findings showing a 

negative relationship between off-task behaviors assessed using 

field observations and learning. Our results showed that there was 

a significant relationship between the percentage of time the 

student spent off-task (assessed by the field observations) and 

learning. There was also evidence for a relationship between the 

proportion of off-task behavior squared, and learning. However, 

the difference between the quadratic and linear models of this 

relationship was not significant; suggesting that more complex 

models than the model hypothesized by Carroll may not be 

justified. There was also not strong evidence that brief off-task 

episodes impact learning differently than longer off-task episodes.  

 

One surprise in the findings was that the number of episodes 

identified by the off-task detector was not predictive of learning, 

either for brief episodes or lengthy episodes. Previous analyses 

have found a significant relationship between the proportion of 

off-task behavior identified by the detector and learning gains 

[e.g. 3]. Those analyses were conducted in a broader data set, 

including data from other versions of the same learning software, 

and other tutor lessons. In this paper, we analyzed a more focused 

data set, in order to explore different models in detail without 

needing to consider this type of factor. But it is possible that 

features specific to this sub-set of the data or the associated tutor 

lesson led to the null result seen here. Therefore, it may be 

valuable to replicate these analyses in a larger data set.  

 

In summary, the data in this study appeared to accord with 

Carroll’s time on-task hypothesis [7]. Currently, there is not 

sufficient evidence to suggest that a more complex relationship 

exists between learning gain and off-task behavior, in terms of the 

temporal aspects of off-task pauses. However, this issue may be 

worth further investigation in additional data, before this result 

can be considered conclusive.  
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