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Abstract.  We present text replays, a method for generating labels that can be 
used to train classifiers of student behavior. We use this method to label data as 
to whether students are gaming the system, within 20 intelligent tutor units on 
Algebra. Text replays are 2-6 times faster per label than previous methods for 
generating labels, such as quantitative field observations and screen replays; 
however, being able to generate classifiers on retrospective data at the coder’s 
convenience (rather than being dependent on visits to schools) makes this 
method about 40 times faster than quantitative field observations. Text replays 
also give precise predictions of student behavior at multiple grain-sizes, 
allowing the use of both hierarchical classifiers such as Latent Response Models 
(LRMs), and non-hierarchical classifiers such as Decision Trees. Training using 
text replay data appears to lead to better classifiers: LRMs trained using text 
replay data achieve higher correlation and A' than LRMs trained using 
quantitative field observations; Decision Trees are more precise than LRMs at 
identifying exactly when the behavior occurs. 

1 Introduction 

In recent years, there has been increasing interest in classifying what type of behavior a 
student is engaging in as he or she uses interactive learning software.  For instance, 
models that can classify whether a student is gaming the system (attempting to succeed in 
an interactive learning environment by exploiting properties of the system rather than by 
learning the material [cf. 5]) have been developed for several learning systems [1, 6, 9, 
20]. Models that can classify other types of behavior, such as help avoidance [1] and deep 
and shallow exploration behaviors [2] have also been developed. These models have been 
used as inputs to data mining analyses of student learning and motivation [8, 12], and 
have been used to select pedagogical interventions [3, 4, 20].  

However, developing classifiers of student behavior has thus far been either highly time-
consuming or has resulted in classifiers that are difficult to validate. In this paper, we 
present a method for quickly and accurately labeling data in terms of student behavior – 
text replays. The entire process of creating a detector for a unit in an intelligent tutor is 
about 40 times faster when text replays are used, compared to prior data labeling methods 
such as quantitative field observations or screen replays. Text replays also produce data 
which can be more easily used with off-the-shelf classification algorithms, such as those 
in Weka [21], than field observations. We validate this method by using it to develop 
classifiers of gaming the system for 20 different Cognitive Tutor lessons on algebra, and 
study those detectors’ ability to predict which students game, how much they game, and 
when they game.   



2 Prior Work 

Several approaches have previously been used to develop classifiers of student behaviors, 
such as gaming the system, in interactive learning software. 

One approach to developing classifiers of student behaviors has been to conduct 
quantitative field observations [5,17] of student behavior in the classroom (or other 
naturalistic settings), and then use classification algorithms on the resultant data [cf. 6, 
20]. However, there are two drawbacks to this approach: First, this method is highly 
time-consuming, as it requires coders to travel to the setting of use and watch student 
behavior in real-time. Baker et al. [5] report making 563 classifications in around 7.5 
hours of class time. However, since the observations in Baker et al. were made in 
classrooms distant from the researchers’ offices, driving time and setup time should also 
be counted as part of the overall time cost of conducting these observations. If we assume 
around a half hour driving time in each direction, and 15 minutes setup time before each 
session, that works out to around 6 hours logistical time. Hence, while each observation 
took 20 seconds to conduct, the actual time cost per classification is 1.3 minutes. 
Additionally, this measure does not account for the difficulty of scheduling classroom 
observations within schools, and time lost to waiting for observation opportunities. 
Second, the resulting data labels are not immediately synchronized with the log data. 
Whereas log data is generally organized either at the semantic level of student actions 
(i.e. entering an answer, requesting help, etc.) or keystrokes/mouse movements [cf. 11]), 
the observations occupy 20-30 second time windows. In many cases, it is difficult to 
exactly synchronize these two types of data, since even a slight skew in time recording 
mechanisms may significantly affect accuracy. To compensate, researchers have 
probabilistically assigned time windows [cf. 20] or used hierarchical models that fit to 
overall proportions of behavior rather than labeling individual actions [cf.6]. 

A second approach to developing classifiers of student behavior is to use knowledge 
engineering rather than machine learning on labeled data [cf.1,9]. This approach is 
generally quite quick to implement, but it is not possible to directly validate the accuracy 
of classifications without obtaining labeled data of some sort. The single example of a 
validation of a knowledge engineering behavior classifier in a learning environment (that 
we are aware of) involved the use of data collected through quantitative field 
observations [cf. 18]. A related approach is to use clustering to develop behavior 
categories, and then develop a classifier based on those behavior categories [cf. 2]. Like 
knowledge engineering, this approach is quick to implement, but suffers from the same 
difficulty in model validation.  

An alternate approach is to directly label the log files with the construct(s) of interest. 
One method for doing so, proposed by de Vicente and Pain [11], is screen replays – 
labeling a student’s behavior or affect while watching a video capture of the student’s 
screen during learning software usage. This approach avoids synchronization problems in 
labeling data, as well as scheduling/driving time, but is still quite time-consuming, as 
coders watch student behavior in real time. de Vicente and Pain [11] report observers 
making 85 classifications in around 6 hours, an average of one classification every 4.2 



minutes. Cocea and Weibelzahl [10] also report having human coders label log files, 
although they do not report the coding process in full detail.  

3 Text Replays 

We propose another method for directly labeling log files with the constructs of interest: 
text replays. Text replays represent a segment of student behavior from the log files in a 
textual (“pretty-printed”) form. A sequence of actions of a pre-selected duration (in terms 
of time or length) is shown in a textual format that gives information about the actions 
and their context. In the example shown in Figure 1, the coder sees each action’s time 
(relative to the first action in the clip), the problem context, the input entered, the relevant 

skill (production), and how the system assessed 
the action (correct, incorrect, a help request, or a 
“bug”/ misconception). The coder can then choose 
one of a set of behavior categories (in this study, 
gaming or not gaming), or indicate that something 
has gone wrong, making the clip uncodeable. 

Text replays give relatively limited information, 
compared to quantitative field observations or full 
screen replays, omitting the visual information that 
would be seen in those methods (including mouse 
movements and partial responses). It is also 
necessary for the coder to understand the user 
interface in order to interpret contextual 
information. However, text replays are likely to be 
very quick to classify, and can be generated 
automatically from existing log files. 

Text replays were first proposed in Baker, Corbett, 
& Wagner [7], where it was shown that text 
replays have good inter-rater reliability, and that 
text replays agree well with predictions made by 
models generated using data from quantitative 
field observations. In this paper, we test this 
technique’s speed for labeling large amounts of 
data, develop classifiers of student behavior, and 
test these classifiers’ goodness of fit. 

4 Text Replay Labeling Study 

We used text replays to label student behavior within a Cognitive Tutor for Algebra. 
Cognitive Tutors are a popular type of interactive learning environment now used by 
around half a million students a year in the USA. In Cognitive Tutors, students solve 
problems, with exercises and feedback chosen based on a model of which skills the 
student possesses. Cognitive Tutor Algebra has been shown to significantly improve 
student performance on standardized exams and tests of problem-solving skill [15].  



Within our text replays, we labeled whether a student was gaming the system. We chose 
gaming the system, because it is a behavior for which multiple classifiers have been 
developed and validated [6, 18, 20].  Within Cognitive Tutor Algebra, as with other 
Cognitive Tutors, gaming the system consists of systematic guessing and hint abuse 
(clicking through hints at high speed until the system gives the answer). 

We obtained data from students’ use of Cognitive Tutor Algebra from the Pittsburgh 
Science of Learning Center DataShop (https://learnlab.web.cmu.edu/datashop/). The 
DataShop is a public resource for the learning science community, giving free access to 
anonymized data sets of student use of learning software. We used the “Algebra I 2005-
2006 (Hampton only)” data set, a data set consisting of 436,816 student actions (an action 
is defined as entering an answer or requesting help) made by 59 students over the course 
of an entire school year, in a high school in the suburbs of a city in the Northeastern 
USA. Data from 32 tutor lessons was obtained; however, 12 lessons were eliminated 
from consideration for one of two reasons: either having insufficient data to be able to 
conduct at least 498 observations (500 was the planned cut-off, but one lesson with 498 
observations was included), or gaming the system never being coded in that lesson. 

Across lessons, 18,737 text replays were labeled. These text replays were randomly 
selected; the chance of a specific sequence of actions being chosen was weighted, for 
each lesson, according to the total number of actions in that lesson. An average of 887 
text replay observations were made in each lesson (SD=178; min=498; max=1075). 

A single coder (the second author) labeled all 18,737 text replays. This coder was trained 
by the first author, who had previously used the technique in [7]. Training consisted of 
repeatedly coding the same clips, and comparing and discussing the results, until 100% 
agreement was obtained on two sets in a row. Text replays of gaming previously 
achieved reasonably high inter-reliability (Cohen’s k) �of 0.58, in a study where coders 
did not engage in this training practice [7]. Training took approximately two hours. 

The coder labeled the 18,737 text replays in 206 hours of work, a rate of about 39.6 
seconds per observation. The 206 hours included time spent studying each tutor lesson’s 
user interface. This was about twice as fast, label per label, as quantitative field 
observations of gaming conducted in prior research [7], and about 6 times as fast as 
observations of affect conducted using screen replays [11]. The observations were 
conducted across 4.5 months, at the coder’s convenience, rather than during an entire 
school year during school hours. The time savings from conducting the observations 
when convenient for the coder – rather than when convenient for the school – was quite 
substantial. 4.5 months of work was able to generate data to build gaming classifiers for 
20 tutor lessons (the classifiers will be discussed in the next section). By comparison, 3 
years of work using quantitative field observations to label student data only produced 
enough data to develop classifiers of gaming for 4 tutor lessons [6]. Hence, text replays 
enabled us to collect data for 5 times as many classifiers in 12.5% as much total time – 
around 40 times faster. This result suggests that the text replay method is substantially 
more efficient than prior methods for generating labels of gaming the system, beyond just 
the time spent on each individual label.  



5 Developing Classifiers of Gaming the System 

Once the text replays were obtained, we developed two types of classifiers of gaming the 
system. First, we built classifiers of gaming using a Latent Response Model(LRM) [16]. 
In this approach, discussed in considerably more detail in [6], the model predicts whether 
each student action is gaming, then aggregates those predictions to predict each student’s 
frequency of gaming (and trains on the overall proportion of time each student spent 
gaming, rather than training on labels of individual actions). Training detectors in this 
fashion enables us to study whether detectors developed using data from text replays are 
as accurate as detectors previously developed using data from quantitative field 
observations [6], using the same classification method. 

Second, we took advantage of the fact that text replays label individual actions in the logs 
as gaming or not gaming, to use a second method. We built gaming detectors using J48 
decision trees, the same technique used in Walonoski & Heffernan [20], using the Weka 
data mining package [21].  This method was slightly to moderately more accurate at 
classifying gaming the system than other classification algorithms within the Weka 
package. It is worth noting that these labels of individual actions cannot be considered 
perfectly accurate, since the observer labeled a clip as “gaming” if any of the actions in 
the clip involved gaming. Therefore, actions at the beginning or end of clips may not in 
all cases be instances of gaming. This suggests that, within this data set, a 100% perfect 
match between our classifier’s labels of individual actions and those actions’ labels 
(which will be measured with Kappa) is not necessary (or desirable). This limitation 
could be addressed in future work by having observers explicitly label which actions in a 
clip are gaming, but would have the cost of reducing the method’s speed.  

Within each approach, a separate classifier was trained for each lesson and tested in that 
lesson. Due to the large number of models fit, the training set was used as the test set in 
all cases, for tractability. As this testing method risks some over-fitting, pruning was used 
on the J48 trees, and model size was capped for the latent response models. 

26 features were distilled for each action in the log files for use by the classification 
algorithms, including features involving details about the action (Was it correct or 
incorrect, or a help request? Was it the first attempt at the step?), assessments of student 
knowledge, information about the time the student took on this step (absolute, and 
relative to other students), and information about the student’s previous interaction 
behaviors (How often has this student gotten this step wrong in the past? How much help 
has the student requested?). A full list of features can be found in [6]. 

6 Classifier Goodness 

We assessed the two types of classifiers, for each lesson, using three metrics: A', 
correlation, and kappa. A' addresses a classifier’s ability to assess which students gamed. 
A' is the probability that if the detector is comparing two students, one who gamed and 
one who never gamed, it will correctly identify which student is which. A' is equivalent 
to both the area under the ROC curve in signal detection theory, and to W, the Wilcoxon 
statistic [14]. A model with an A' of 0.5 performs at chance, and a model with an A' of 



Table 1. The performance of each model on each metric, across models (standard errors given in 
parentheses). Both models are statistically better than chance on all metrics; boldface indicates a 
model is statistically significantly better than the other model, for that metric.  

 A' Correlation Kappa 
Latent Response Model 0.96 (0.02) 0.90 (0.02) 0.04 (0.01) 
Decision Tree 0.69 (0.03) 0.44 (0.05) 0.40 (0.05) 
 
1.0 performs perfectly. Correlation assesses whether the detector predicts the correct 
amount of gaming for each student. Kappa assesses whether the detector accurately 
identifies the correct actions as gaming. A Kappa of 0 indicates that the detector performs 
at chance, and a Kappa of 1 indicates that the detector performs perfectly. The full pattern 
of results is shown in Table 1.  

For A', the Latent Response Models averaged an A' of 0.96 (SE=0.02) across the 20 
lessons, meaning that they could distinguish a gaming student from a non-gaming student 
in the data 96% of the time. This A' is considerably higher than the A' of  previous 
models of gaming the system developed using data from quantitative field observations 
(in that earlier work, models averaged an A' of 0.86 on the training set) [6]. The Decision 
Trees averaged an A' of 0.69 (SE=0.03). We can calculate the statistical significance of 
the difference of these models from chance (and from each other) by computing the 
standard error of each A' estimate [14], conducting Z tests, and then using Strube’s 
Adjusted Z to aggregate across lessons in a fashion that controls for within-student non-
independence [20, Appendix II in 6]. We find that the LRM A' is significantly higher 
than chance, Z=26.56, two tailed p<0.0001, that the Decision Tree A' is also significantly 
higher than chance, Z=3.24, two tailed p<0.01, and that the LRM A' is significantly 
higher than the Decision Tree A' across lessons, Z=3.35, two tailed p<0.01. 

For correlation, the Latent Response Models averaged a correlation of 0.90 (SE=0.02) 
across the 20 lessons, between the predicted and actual frequencies of gaming, and the 
Decision Trees averaged a correlation of 0.44 (SE=0.05). Statistical significance can be 
computed by computing the significance of each correlation (or the significance of 
differences in correlation for correlated samples – [cf. 13]), converting those significance 
values to Z scores, and then aggregating across Z scores using Strube’s Adjusted Z. We 
find that the LRM correlation is significantly higher than chance, Z=10.04, two tailed 
p<0.0001, that the Decision Tree correlation is also significantly higher than chance, 
Z=3.46,two-tailed  p<0.0001, and that the LRM correlation is significantly higher than 
the Decision Tree correlation across lessons, Z=5.68, two tailed p<0.0001.  

For kappa, the Latent Response Models averaged a kappa of 0.04 (SE=0.01) across the 
20 lessons in predicting the labels of whether individual actions involved gaming, and the 
Decision Trees averaged a kappa of 0.40 (SE=0.05). The statistical test most closely 
corresponding to kappa is chi-squared; however, this data violates the independence 
assumptions of chi-squared. Thus, we instead do t-tests on the kappa values for each 
lesson (either one-sample t-tests or paired t-tests), convert the significance values to Z 
scores, and then aggregating across Z scores using Strube’s Adjusted Z. This method 
treats the kappa values as point-estimates rather than as having a standard error, 



effectively giving us a sample size of 20 (the number of lessons) rather than the full 
sample size – in other words, this test is overly conservative, and should err in the 
direction of non-significance. Despite the poor kappa for LRM, it is significantly higher 
than chance, t(19)=3.77, two tailed p<0.01. The Decision Tree kappa is also significantly 
higher than chance, t(19)=7.81,two-tailed  p<0.0001. The Decision Tree kappa is 
significantly higher than the LRM kappa across lessons, t(19)=7.45, two tailed p<0.0001.  
 
The poor performance of the LRM-based classifiers on kappa is surprising, given the 
high performance on the other metrics, and the effectiveness of this technique at 
assigning interventions to students which improve learning [4]. One potential explanation 
is that the model’s use of historical features leads it to identify gaming in the correct 
skills, but on transactions after the transaction where gaming actually occurred (i.e. the 
next time the skill is encountered), a pattern observed in previous classifiers of gaming 
trained in this fashion [6]. Indeed, we find that the LRM-based classifier is significantly 
more likely to detect gaming on skills the student has previously gamed (i.e. detecting 
gaming after the fact), than on other skills, t(58) = -4.77, two-tailed p<0.001, for a paired 
t-test. Classifiers with this characteristic will be useful for some types of interventions, 
such as giving supplementary exercises on material a student bypassed by gaming [4] or 
giving metacognitive interventions to gaming students between problems [3], but will be 
less appropriate for more immediate types of interventions. Interventions which depend 
on occurring exactly after a student games should probably be assigned by detectors 
trained on individual actions rather than overall proportions of behavior. On the other 
hand, the LRM-based classifier’s higher ability to identify gaming students is also 
relevant, since it increases the probability of assigning interventions to the students who 
most need them. Similarly, the degree to which this limitation will affect this classifier’s 
usefulness for data mining analyses of motivation or learning depends on the analysis. 
Analyses at broader grain-sizes which look at the overall incidence of gaming [e.g. 8, 12] 
may benefit from using an LRM-based classifier, whereas analyses that depend on 
accurate assessments of whether each action involves gaming may benefit more from 
using a Decision Tree. 

One potential solution that could avoid the limitations of the classifiers presented here 
would be to develop a hierarchical classifier (such as LRM) which optimizes on measures 
at both grain-sizes during training (e.g. using all three measures presented here). Such a 
classifier could potentially succeed both at detecting when an individual student is 
gaming, and distinguishing with maximum accuracy which students game and how much 
they game. However, this classifier would require the type of labels at multiple grain-
sizes that Text Replays can provide. 

7 Discussion and Conclusions 

In this paper, we have presented text replays, a method for labeling student’s behavior 
within log files. When all factors are taken into account, including the time needed to 
make individual labels, and the logistics involved in conducting studies in schools, text 
replays appear to speed the process of data collection by around 40 times compared to 
quantitative field observations, and at least 6 times compared to screen replays.  



Where this technique applies, therefore, it may make classifier development accessible to 
a much larger pool of researchers and developers. However, this technique may not be 
applicable for coding every type of construct that can be coded with quantitative field 
observations or screen replays. Those techniques have been used to code students’ affect 
and motivation [cf. 11, 17]; it is likely that some affective and motivational constructs 
will be difficult to code using text replays. Establishing which categories of behavior can 
accurately be labeled in text replays will be an important area for future work. 

Unlike quantitative field observations, text replays make it easy to label individual 
actions as gaming or not gaming, though these labels are not 100% accurate, as clips 
often do not coincide exactly with the beginning and end of a gaming episode. 
Nonetheless, these action-by-action labels make it much more feasible to use off-the-
shelf classifiers such as J48 Decision Trees to train gaming detectors which are 
reasonably successful at identifying exactly when students game, which students are 
gaming, and how much each student is gaming. Being able to use off-the-shelf 
classification algorithms available in Weka should make it more feasible for researchers 
and developers without machine learning experience to develop classifiers which are 
useful for learning analyses and to drive interventions by learning software.  

An alternate modeling framework, Latent Response Models, was trained on each 
student’s frequency of gaming. LRMs, as implemented here, were much more successful 
at identifying which students gamed, and how much each student gamed, but much less 
successful at identifying exactly when students game. Interestingly, the LRMs developed 
using text replay data appeared to be more accurate than prior LRMs developed using 
quantitative field observations. One explanation is that the text replay method both 
enables more precise assessments of students’ gaming frequency (via making it easy to 
collect more labels), and allows a coder to take extra time on more ambiguous cases 
(while working quickly on clear cases). 

The pattern of successes of the classifiers trained using different data suggests that it may 
be necessary to develop an algorithm that uses both overall gaming frequency data and 
action-by-action labels of gaming during the training processes in order to optimally 
capture both which students game, and when they game.   

One curious aspect of the models developed here is that they do not replicate the split 
between types of gaming found in [6]. In that work, LRMs trained to classify gaming 
students systematically only captured a proportion of students – the students who gamed 
and had poorer learning. (A separate classifier was trained to detect students who gamed 
but did not have poorer learning). There was no evidence for such a split in this study, 
where LRM classifiers had average A' values of 0.96. It is not yet clear whether the split 
in gaming behavior in [6] was idiosyncratic to the learning system studied, or whether 
this effect is dependent on differences in the labeling method in some subtle fashion.   

In conclusion, text replays appear to considerably speed the process of collecting the data 
necessary to develop effective classifiers of student behavior. Making it easier to develop 
classifiers of student behavior will expand the benefits of this technique to a wider pool 



of researchers, facilitating the development of more adaptive educational software and 
the use of data mining techniques to conduct complex analyses on student learning.  
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