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Figure 2 Phase Change Microworld 

In the context of Inq-ITS, WTF occurs when students engage with the software in complicated 
ways that do not appear connected to the task of conducting scientific inquiry. In Inq-ITS, WTF may take 
the form of running an inordinately large number of identical trials, repeatedly changing most of the 
variables in a non-systematic fashion, or toggling a variable back and forth repeatedly for no discernible 
reason. 

All students’ fine-grained actions were logged and then analyzed at the “clip” level; a clip is a 
consecutive set of a student’s actions describing activity in context. More information on “clips” and 
“clip” boundaries can be found in the Procedure section. 

Procedure 

Detector Development 

After receiving a short introduction, all students engaged in the phase change learning activities 
over two class periods, about 1.5 hours in total. During this time, Inq-ITS logged all students’ interactions 
within the learning environment as they engaged in inquiry. In the following sections, we show how we 
used these low-level interaction data to construct and validate machine-learned detectors of 
carelessness, and WTF based on existing detectors of systematic data collection behavior [50].  

After this point the procedures applied to detect Carelessness (contextual slip) and WTF 
behaviors diverged. Carelessness is defined by having knowledge of a skill, but failing to perform that 
skill. In this case there are two skills being assessed with regard to carelessness: a student’s skill to test 
their hypothesis, and a student’s skill to control for variables when running an experiment.  
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Contextual slip refers to a part of Bayesian Knowledge Tracing (BKT) [51], a Hidden Markov 
Model which treats knowledge as its latent and performance as observable evidence of that hidden 
latent (see figure 3 below). Knowledge at various points in time is inferred from performance. As 
students are given more practice opportunities, their performance generally improves, allowing us to 
infer that the probability they know a skill increases. Figure 3 identifies the interaction between 
knowledge and performance as modeled in BKT. Knowledge of a skill leads to student performance, 
however knowing or not knowing a skill does not guarantee performance and vice versa. BKT accounts 
for four cases: the student is right in a practice opportunity and knows the skill, the student is wrong in a 
practice opportunity and does not know the skill, the student is right in a practice opportunity but does 
NOT know the skill, and the student is wrong in a practice opportunity but DOES know the skill. The 
latter two of these cases are identified as “Guess”, and “Slip”, respectively. In the context of a particular 
skill set we have identified slip as carelessness [24]: performing poorly in spite of knowing a skill. 

Likewise the probability of knowledge in the future is determined by the probability of prior knowledge 
and performance data. 

 

Figure 3 Bayesian Knowledge Tracing (BKT) Model 

In this study BKT was used in a four step process for developing a detector of carelessness [19]. 
First, a BKT model was developed to predict inquiry skills [52]. Second, the best fitting parameters for 
the BKT model were determined by brute force grid search. Third, clips (a clip is a set of student actions 
which begins when a student enters the data collection phase and ends when the student leaves that 
phase) are tagged with a probability of carelessness based on the current probability of knowledge, and 
the student’s performance on the two following clips. Finally, a machine learned detector is built using 
data only from the current or prior clips to assess carelessness.  
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The gold standard for WTF behaviors was achieved through text replay coding [50, 53]. 
Students’ log data was segmented by sequences into the same type of clips as described in the last 
paragraph. In text replays [54], human coders are presented “pretty-printed” versions of log files (as 
shown in Figure 4). WTF behavior may be difficult to rationally define in log files, but behavior that is 
completely disconnected from the learning task can be identified by humans relatively easily. In past 
cases, text replays have proved effective for providing ground truth labels for behaviors of this nature 
[37, 38, 50]. Examples of WTF behavior in this data set include running the exact same experiment a 
large number of times (shown in Figure 4), toggling variable settings back and forth repeatedly, and 
changing large numbers of variables repeatedly. As can be seen, WTF behavior manifests in several 
ways, an interesting challenge for developing an automated detector of this construct.  

 

 

Figure 4. Text Replay Showing Student Running the Same Trial a Large Number of Times 

Clips were coded individually, but not in isolation. That is, coders had access to all of the 
previous clips the same student produced within the same activity so that they could detect WTF 
behavior that might have otherwise been missed due to lack of context. For example, a student may 
repeatedly switch between hypothesizing and experimentation, running the exact same experiment 
each time. Although repeating the same experiment two or three times may help the student 
understand the simulation better, doing so more than twenty times might be difficult to explain except 
as WTF. 

Two human coders practiced coding WTF on a small subset of clips, discussing each clip. 
Afterwards, the two coders separately each coded the same set of 200 clips from a separate data set, 
not included in further analysis. The two coders achieved acceptable agreement, with Cohen’s Kappa 
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[36] of 0.66. Afterwards, one of the coders assessed 571 clips from this data set. Since several clips could 
be generated per activity, a single, randomly chosen clip was tagged per student, per activity (however, 
not all students completed all activities, causing some student-activity pairs to be missing from the data 
set). This ensured all students and activities were approximately equally represented in this data set. 
Seventy of these clips were excluded from analysis, due to a lack of data collection actions on the 
student’s part. Of the 501 clips remaining, 15 (3.0%) were labeled as involving WTF behavior, a 
proportion similar to the proportions of other disengaged behavior studied in past detector 
development [37]. These 15 clips were drawn from 15 (10.4% of the sample population) of the students 
(i.e., no student was coded as engaging in WTF behavior more than once). 

After labels of ground truth were reached for both Carelessness and WTF behavior, features 
were extracted for the machine-learning process. In brief, the features used included the numbers of 
different types of actions that occurred during the clip (including the number of complete and student-
interrupted trials and the number of variable changes made while designing each experiment), the 
timing of each action (including the average time per variable change and the maximum time the 
student spent studying the simulation, and many others). After this point the distilled features were fed 
into a data mining algorithm along with the ground truth labels in order to generate predictions of those 
ground truth labels.  

Learner Characteristic Analyses 

Once the detectors of WTF and Carelessness were completed the next step was to look for 
relationships between these constructs and goal orientation or learner characteristics. Constructs of 
goal orientation and learner characteristics were established by measurement through self-report. 
Generally using self-response Likert Scale surveys i.e. Patterns of Adaptive Learning Scales (PALS) [43], 
the Tangney Brief Self-Control Scale [41], Zimmerman’s Self-Efficacy scales [33], and Harackiewicz’s 
measures of Work Avoidance [42]. By using PALS, alongside Tangney’s, Zimmerman’s, and 
Harackiewicz’s surveys we were able to achieve reasonable measures of these constructs.  

In order to compare these measures against the detected constructs of WTF and Carelessness, 
simple bivariate correlations using SPSS [55] were conducted at the student level. These analyses were 
performed across the student sample group “Class A” which the detectors were built upon and two 
additional student sample groups “Classes B & C”. Following these analyses, cluster analyses were 
performed on these data sets as well to see if students who typically engage in WTF or careless 
behaviors fit with a particular combination of other attributes determined through goal orientation and 
learner characteristic surveys [19].  

Cluster analysis is a data mining technique by which instances (in this case individual students) 
are sorted into clusters based on their degree of similarity across multiple features. In this case, 
measures gained through learner characteristic surveys would serve as our features.  

The clustering approach used here is k-means clustering [56]. K-means clustering uses the 
following process. First, each data point is plotted in n-dimensional space where each feature acts as a 
dimension. For example, a data set which includes features: age, height, and weight could be plotted in 
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three dimensional space, where age would be plotted on the x-axis, height on the y-axis, and weight on 
the z-axis. Second, a number of centroids “k” are plotted in the multi-dimensional space of the total 
data set. After plotting these points, “k” centroids are randomly assigned to be the centers of “k” 
clusters. Points are assigned to each centroid based on the ordinary Euclidian distance metric, then the 
means of the dimensions of each point in a cluster is calculated and the centroid is moved to sit in that 
new centroid as defined by all points in the cluster. Points are reassigned to their new respective 
centroids and the process continues until the cluster assignment then stabilizes.  

Results 

Carelessness (Contextual Slip) 

Using an existing set of probabilities of carelessness for Class A, a machine-learned detector of 
carelessness was built using distilled features of student activities in the microworld. The algorithm of 
this detector was built using W-REPTree [56], a regression tree available from Weka through RapidMiner 
[57]. The model was built and evaluated with six-fold batch cross validation at the student level [58] and 
achieved a correlation of 0.62 and an RMSE of 0.16. The process of student-level cross validation 
validates whether the model is overfit for the particular group of students used as the sample. In the 
process of six-fold student level batch cross validation, students are split randomly into six groups. Then, 
for each possible combination, a detector is developed using data from five groups of students before 
being tested on the sixth “held out” test set of students. By cross-validating at this level, we increase 
confidence that detectors will be accurate for new groups of students. 

The data was then examined for correlations between carelessness and the aforementioned 
learner characteristics. There were marginally significant correlations between careless errors and 
disruptive behavior r=-0.15, F(1,128)=3.02, p=0.08 and careless errors and self-presentation of low 
achievements r=-0.16, F(1,128)=3.45, p=0.07.  

Self-presentation of low achievement is a measure of students’ concern that high academic 
performance will result in negative social repercussions from classmates. The negative correlations 
between self-presentation of low achievement and carelessness, and disruptive behavior and 
carelessness were not addressed in our initial hypotheses.  

In the original publication of these results [19], the initial hypothesis was that performance goal 
orientations would be positively correlated with carelessness, while mastery goal orientations will be 
negatively correlated with carelessness. While this hypothesis was not directly confirmed, cluster 
analysis produced an interesting result.  
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Table 1 Cluster Analysis of Carelessness and Learner Characteristics for Class A 

Variable Mean (std) 

Cluster 1 Cluster 2 Cluster 3 

Learning goal orientation 4.66 (0.40) 4.38 (0.64) 2.07 (0.87) 

Performance-approach goal orientation 1.69 (0.57) 3.20 (1.04) 2.40 (0.82) 

Performance-avoid goal orientation 1.86 (0.72) 3.78 (0.67) 3.62 (0.68) 

Academic efficacy 4.41 (0.49) 4.22 (0.55) 3.65 (1.06) 

Avoiding novelty 1.96 (0.60) 2.58 (1.00) 3.02 (1.21) 

Disruptive behavior 1.54 (0.68) 1.61 (0.68) 2.07 (1.01) 

Self-presentation of low achievement 1.33 (0.31) 1.59 (0.60) 3.43 (1.00) 

Skepticism about the relevant of school for future 

success 

1.57 (0.49) 1.92 (0.82) 2.07 (0.87) 

N 35 66 20 

Carelessness 0.16 (0.22) 0.12 (0.13) 0.05 (0.05) 

 

It was shown that when the sample was broken into three clusters based on the most prevalent 
commonalities between students in their survey responses, the clusters produced included a mastery 
(learning goal) oriented cluster, a performance oriented cluster, and a cluster with neither mastery nor 
performance goal orientation. Here the students with neither performance nor mastery goal 
orientations scored the lowest in terms of careless errors.  

Following these analyses new learner characteristics were tracked including: Self-Control [41], 
Work Avoidance Goal Orientation [42], and Self-Efficacy [33]. In the prior data set carelessness was 
measured with respect to the skills Control of Variables Strategy and Test Hypothesis; correctness in 
terms of these skills was assigned through a detector of inquiry skills [50]. Unfortunately this detector 
had only been applied to data from a subset of Class B, and carelessness in the skills previously 
measured could not be applied to Class C or the total set of Class B.  
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Table 2 Carelessness & Learner Characteristic Correlations for as subset of Class B 
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Pearson Correlation -0.294 -0.033 -0.154 0.072 0.116 0.024 0.134 0.124 -0.119 0.081 0.019 -0.151 
Sig. (2-tailed) 0.045 0.825 0.302 0.632 0.438 0.871 0.370 0.407 0.424 0.588 0.900 0.311 
N 47 47 47 47 47 47 47 47 47 47 47 47 
 

Table 2 contains the correlations between carelessness and all measured learner characteristics 
in a subset of class B addition to WTF. Carelessness of individual clips were averaged to create a 
carelessness rating at the student level. There was one significant correlation: carelessness is negatively 
correlated with mastery goal orientation. With regard to hypotheses 3 and 4, neither Self-Efficacy nor 
Self-Presentation of Low Achievement significantly correlated with carelessness. 

Following this, we applied k-means cluster analysis again, except in this case we had access to 
survey data including additional measures: Self-Control, Work Avoidance Goals, and Self-Efficacy. 

Table 3 Cluster Analysis of Carelessness and Learner Characteristics for Class B 

Cluster Full Data Cluster 0 Cluster 1 Cluster 2 
Sample Size (N) 47 22 6 19 
 Mean Scores 
PALS1 Mastery Goal Orientation 22.8936 23.5455 24 21.7895 
PALS1 Performance Approach Goal Orientation 13.3404 10.5455 19.6667 14.5789 
PALS1 Performance Avoidance Goal Orientation 11.7872 8.7273 16.1667 13.9474 
PALS4 Academic Efficacy 19.1064 20.2273 19.5 17.6842 
PALS4 Novelty Avoidance 12.5106 9.9091 8.8333 16.6842 
PALS4 Disruptive Behavior 8.6809 7.6818 5.3333 10.8947 
PALS4 Self-Presentation of Low Achievement 12.4681 9.8636 10.8333 16 
PALS4 Skeptical of School Relevance 12.383 9.5 9.1667 16.7368 
Tangney Brief Self-Control Scale 45.3617 49.5455 51.6667 38.5263 
Work Avoidance Goal Orientation Harackiewicz 9.5106 7.4545 7.1667 12.6316 
Self-Efficacy Scale Zimmerman 42 45.3636 45.8333 36.8947 
Carelessness 0.280953 0.284990 0.174395 0.309929 
 

Information about carelessness was held out of the data set when cluster analysis was applied. 
In order to easily display what differences were statistically significant and which ones were not the 
following color coding scheme was adopted: if two cells are white text on a black background then 
differences between them are not significantly different, if two cells are on a gray background then 
differences between them are marginally significant p<0.1, if two cells are black text on a white 
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background then differences between them are significantly different p<0.05. Finally, if only one cell in 
row has a background of a particular shade it has that significance in relation to all other cells in that 
row, e.g. cluster 1’s academic efficacy is not significantly different from clusters 0 or 2 and cluster 1’s 
carelessness is marginally significantly different from clusters 0 and 2. 

Cluster 0 has the lowest rates of performance goal orientation as well as low: self-presentation of low 
achievement, novelty avoidance, skepticism of school’s relevance, and work avoidance goals. It tends to 
have higher rates of: mastery goal orientation, self-control, and self-efficacy.  

Cluster 1 has the highest rate of performance approach goal orientation and the lowest rate of 
disruptive behavior. It tends to have higher rates of: mastery goal orientation, self-control, and self-
efficacy and lower rates of: novelty avoidance, self-presentation of low achievement, skepticism about 
school’s relevance, and work avoidance goals. 

Cluster 2 has the lowest rates of: mastery goal orientation, self-control, and self-efficacy. Also it had the 
highest rates of: novelty avoidance, disruptive behavior, self-presentation of low achievement, 
skepticism of school’s relevance and work-avoidance. 

There were several non-significant differences between the clusters, possibly due to the much 
smaller sample size N=47 as opposed to the prior sample size of N=121. In spite of this, cluster 1 was 
roughly half as careless as the other two clusters. P-values for differences between clusters in terms of 
carelessness were as follows: cluster 0 vs 1 p=0.105, cluster 0 vs 2 p=0.761, cluster 1 vs 2 p=0.041.  

These findings run counter to the earlier cluster analysis wherein the least careless cluster had 
the lowest ratings of performance and learning goal orientations. One possible explanation for this is the 
small sample size, while cluster 1 has a much lower incidence of carelessness it’s made up of only 6 
people.  

WTF  

 Attempts were made to fit detectors of WTF using 11 common classification algorithms, 
including Naïve Bayes, and J48 decision trees. The best model performance was achieved by the PART 
algorithm [59], an algorithm that produces rules out of C4.5 decision trees (essentially the same 
algorithm as J48 decision trees). The implementation of PART from WEKA [56] was run within 
RapidMiner 4.6 [57]. In this algorithm, a set of rules is built by repeatedly building a decision tree and 
making a rule out of the path leading to the best leaf node at each iteration. PART has not been 
frequently used in student modeling, but was used in one instance to predict student course success 
[60]. These models were evaluated with the aforementioned six fold student level cross-validation 
process [58].  

 The validity of our detectors was assessed using four commonly used metrics, A’ [61], Kappa 
[36], precision [62], and recall [62]. A' is the probability that the detector will be able to distinguish a clip 
involving WTF behavior from a clip that does not involve WTF behavior. A' is equivalent to both the area 
under the ROC (receiver operating characteristic) curve which plots true positives on the y-axis and false 
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positives on the x-axis in signal detection theory and to W, the Wilcoxon statistic [61]. A model with an 
A' of 0.5 performs at chance, and a model with an A' of 1.0 performs perfectly. An appropriate statistical 
test for A’ in data across students would be to calculate A’ and standard error for each student for each 
model, compare using Z tests, and then aggregate across students using Stouffer’s method. However, 
the standard error formula for A’ [61] requires multiple examples from each category for each student, 
which is infeasible in the small samples obtained for each student in our data labeling procedure. 
Another possible method, ignoring student-level differences to increase example counts, biases 
undesirably in favor of statistical significance. Hence, statistical tests for A’ are not presented in this 
work.  

 The second feature used to evaluate each detector was Cohen’s Kappa, which assesses whether 
the detector performs better than chance at identifying which clips involve WTF behavior. A Kappa of 0 
indicates that the detector performs at chance, and a Kappa of 1 indicates that the detector performs 
perfectly. Detectors were also evaluated using Precision and Recall, which indicate, respectively, how 
good the model is at avoiding false positives (measured by the number of hand coded true positives 
detected divided by the sum of true and false positives detected), and how good the model is at 
avoiding false negatives (measured by the number of true positives detected divided by the sum of true 
positives and false negatives). 

 A’ and Kappa were chosen because they compensate for successful classifications occurring by 
chance [63], an important consideration in data sets with unbalanced proportions of categories (such as 
this case, where WTF is observed 3.0% of the time). Precision and Recall give an indication of the 
detector’s balance between two forms of error. It is worth noting that unlike Kappa, Precision, and 
Recall, which only look at the final label, A’ takes detector confidence into account. 

 The detector of WTF behavior achieved good performance under 6-fold student-level cross-
validation as shown in Table 4. The detector achieved a very high A’ of 0.8005, signifying that it could 
distinguish whether or not a clip involved WTF behavior approximately 80.05% of the time. However, 
when uncertainty was not taken into account, performance was lower, though still generally acceptable. 
The detector achieved a Kappa value of 0.411, indicating that the detector performed 41.1% better than 
chance. This level of Kappa is comparable to a detector of gaming the system effectively used in 
interventions [37]. Kappa values in this range, combined with relatively high A’ values, suggest that the 
detector is generally good at recognizing which behavior is more likely to be “WTF”, but classifies many 
edge cases incorrectly. In general, the detector’s precision and recall (which, like Kappa, do not take 
certainty into account), were approximately balanced, with precision = 41.18%, and recall = 50%. As 
such, it is important to use fail-soft interventions and to take detector certainty into account when 
selecting interventions – but there is not evidence that the detector has strong bias either in favor of or 
against detecting WTF behavior.  
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Table 4. WTF Detector Confusion Matrix 

 Clips Coded as WTF by 
Humans 

Clips Coded as NOT WTF 
by Humans 

Detector Predicted 
WTF 

7 10 (false positives) 

Detector Predicted 
NOT WTF 

8 (false negatives) 476 

 
The algorithm, when fit on the entire data set, generated the following final model. In running this 
model, the rules are run in order from the first rule to the last rule.  
 

1) IF the total number of independent variable changes (feature 21) is seven or lower, AND the 
number of experimental trials run (feature 7) is three or lower, THEN NOT WTF.  

2) IF the maximum time spent between an incomplete run and the action preceding it (feature 16) 
is 10 seconds or less, AND the total number of independent variable changes (feature 21) is 
eleven or less, AND the average time spent paused (feature 5) is 6 seconds or less, THEN NOT 
WTF.  

3) IF the total number of independent variable changes (feature 21) is greater than one, AND the 
maximum time between actions (feature 3) is 441 seconds or less, AND the number of trials run 
without pauses or resets (feature 12) is 4 or less, THEN NOT WTF.  

4) IF the total number of independent variable changes (feature 21) is 12 or less, THEN WTF.  
5) IF the maximum time spent before running each experimental trial but after performing the 

previous action (feature 11) is greater than 1.8 seconds, THEN NOT WTF.  
6) All remaining instances are classified as WTF.  

 
 As can be seen, this detector used 6 rules to distinguish WTF behavior, which employ 8 features 
from the data set. Four of the rules identify the characteristics of behavior that is NOT WTF, while only 
two identify the characteristics of WTF behavior. 

 After the detector was built the results were compared to learner characteristic and goal 
orientation survey responses. The data set which the detector was trained on did not have complete 
survey responses associated with it. This data set only included responses to PALS 1 & 4, which did not 
include Harakiewicz’s work avoidance items [42], Tangney’s Self-Control items [41], or Zimmerman’s 
Self-Efficacy survey [33].  
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WTF & Learner Characteristics: Correlations 

Our goal in exploring the relationship between WTF behaviors and learner characteristics is to 
have a better understanding of what long term characteristics may relate to WTF in much the same way 
that we approached carelessness and related learner characteristics.  

We applied our detector of WTF behaviors to data from classes from classes B & C. All of these 
students worked within the phase change microworld, the same exercise students from class A had 
worked within for purposes of building the WTF detector. Student learner characteristic surveys were 
administered to all participants. The set of students used to build the WTF detector were only 
administered PALS [43] 1 and 4 which include Mastery Goal Orientation, Performance Approach Goal 
Orientation, Performance Avoidance Goal Orientation, Academic Efficacy, Novelty Avoidance, Disruptive 
Behavior, Self-Presentation of Low Achievement, and Skepticism About School’s Relevance. Classes B & 
C were also administered the Tangney Brief Self-Control Scale [41], Harackiewicz Work Avoidance Scale 
[42], and Zimmerman’s Self-Efficacy Scale [33]. The percentages of students who were detected 
engaging in WTF behavior out of the total sample for each class ranged from 7% for class C to 10% for 
class A. Each class was tested for bivariate correlations between each learner characteristic measure and 
WTF. In this case, probability of WTF, rather than the nominal value of WTF or Not WTF was used to 
create a numeric measure of WTF. WTF was aggregated at the student level rather than clip level to 
compare with learner characteristics which are also aggregated at the student level, to achieve this 
aggregation probabilities of WTF were averaged across clips to give an overall probability each student 
was engaging in WTF behaviors at any given time. Tables of bivariate correlations for each class are 
supplied in the appendix; several measures were significantly correlated with one another, and no pair 
of measures were significantly positively correlated with one another in one class but significantly 
negatively correlated with one another in another class.  

WTF was the only measure that was not significantly correlated with any individual learner 
characteristic measure in class A, B, or C (see Appendix for tables). However, in class B a correlation 
between WTF and academic efficacy was marginally significant at p=0.059 with an effect size r= -0.2. 
This correlation was not marginally significant in either classes A or C at p=0.543 and p=0.848 
respectively. As a result it seems reasonable that this correlation may be a characteristic of class B , 
rather than descriptive of larger populations. Subsequently, all classes were merged to see if the 
increased sample size would produce any significant correlations, only the old measures from PALS 1 & 4 
were used here as they were the only learner characteristic measures common across classes. Once 
again, WTF was the only measure that was not significantly correlated with any other individual measure 
(see Appendix for table). In this final merged sample academic efficacy and WTF were not significantly 
correlated at p=0.258 with a smaller effect size of r= -0.063. 
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WTF & Learner Characteristics: Cluster Analysis 

While no single learner characteristic was correlated with WTF behaviors, it was possible that 
some combination of other learner characteristics might be related to WTF behaviors. In order to 
investigate this, we applied k-means cluster analysis to a combined group of classes B and C using all 
available learner characteristic measures.  

Table 5 Cluster Analysis of WTF and Learner Characteristics for Classes B & C New Measures 

Cluster Full Data Cluster 0 Cluster 1 Cluster 2 
Sample Size (N) 186 64 57 65 
 Mean Scores 
PALS1 Mastery Goal Orientation 20.3925 22.0938 22.1404 17.1846 
PALS1 Performance Approach Goal Orientation 12.5914 9.8438 17.7018 10.8154 
PALS1 Performance Avoidance Goal Orientation 11.7312 8.8281 16.0877 10.7692 
PALS4 Academic Efficacy 18.6304 20.6563 20.1339 15.3174 
PALS4 Novelty Avoidance 13.25 9.3906 13.7237 16.6346 
PALS4 Disruptive Behavior 8.2011 6.9219    8.0912 9.5569 
PALS4 Self-Presentation of Low Achievement 11.5082 9.1406 12.5266 12.9463 
PALS4 Skeptical of School Relevance 14.1538 10.4531 13.3063 18.5408 
Tangney Brief Self-Control Scale 46.1808 50.5938 46.8053 41.288 
Work Avoidance Goal Orientation Harackiewicz 10.3714 7.5781 10.0501 13.4035 
Self-Efficacy Scale Zimmerman 41.3886 45.6563 42.5078 36.2051 
WTF Probability 0.0225 0.0172 0.0150 0.0343 
WTF Prediction Nominal 0.0753 0.0781 0.0351 0.1077 
 

Information about WTF behavior was not included in the data set when cluster analysis was 
applied. There were several cases where measures were not significantly different from one another. 
Significance has been denoted in the same way as described for table 3 in the Carelessness Results 
section. If all cells in a row are either white or black, then differences in that particular measure are 
either significant or not significant with respect to one another. If a single cell in a row is different from 
the other two then the color of that cell denotes its relationship to all other cells in that row. For 
example: in terms of academic efficacy cluster 0 and 2 are significantly different from one another, but 
cluster 1 is not significantly different from either clusters 0 or 2, the same is true for disruptive behavior. 

Students in cluster 0 had significantly the lowest: Performance Avoidance, Novelty Avoidance, Self-
Presentation of Low Achievement, and Skepticism about School’s Relevance. They also had the highest 
Self-Control and Self-Efficacy. 

Students in cluster 1 had significantly the highest ratings of Performance Approach and Avoidance goal 
orientation.  
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Students in cluster 2 had significantly the lowest: Mastery Goal Orientation, Academic Efficacy, Self-
Control, and Self-Efficacy. They also had the highest ratings of Novelty Avoidance, and Skepticism of 
School’s Relevance. 

Unfortunately, neither the probability of WTF, nor the categorical nominal predictions of WTF 
were significantly different across any of the three clusters. P-values for differences between clusters in 
terms of the probability of WTF were as follows: cluster 0 vs 1 p=0.784, cluster 0 vs 2 p=0.202, cluster 1 
vs 2 p=0.153. P-values for differences between clusters in terms of nominal/categorical predictions of 
WTF were as follows: cluster 0 vs 1 p=0.315, cluster 0 vs 2 p=0.567, cluster 1 vs 2 p=0.128. The 
differences between clusters 1 and 2 were nearly marginally significant, suggesting that perhaps with a 
larger sample size a significant difference might be obtained. To increase sample size we combined 
classes A, B and C using only the learner characteristic measures for PALS 1 & 4 which had been 
administered to all classes. The hope here was that a larger sample size might increase some of the 
differences between clusters in terms of WTF.  

Table 6 Cluster Analysis of WTF & Learner Characteristics for Classes A, B, & C Merged Data Set 

Cluster Full Data Cluster 0  Cluster 1  Cluster 2  
Sample Size (N) 330 115 127 88 
 Mean Scores 
PALS1 Mastery Goal Orientation 20.6844 22.3364 22.2242 16.3032 
PALS1 Performance Approach Goal Orientation 12.6281 9.1881 17.0789 10.7003 
PALS1 Performance Avoidance Goal Orientation 11.8 8.6504 15.4126 10.7023 
PALS4 Academic Efficacy 19.6 20.9565 20.6803 16.2682 
PALS4 Novelty Avoidance 13.0906 9.7043 13.3214 17.1828 
PALS4 Disruptive Behavior 8.5906 7.0261 8.3174 11.0294 
PALS4 Self-Presentation of Low Achievement 11.442 9.2783 11.9088 13.5959 
PALS4 Skeptical of School Relevance 13.3459 10.1739 12.2662 19.0494 
WTF Probability 0.0244 0.0230 0.0211 0.0310 
WTF Prediction Nominal 0.0818 0.0870 0.0551 0.1136 
 

The new clusters (shown in table 6) can be described in much the same way, which is 
unsurprising since most of the data in this data set is the same. WTF is still not significantly different 
across any of these three clusters. P-values for differences between clusters in terms of 
nominal/categorical predictions of WTF were as follows: cluster 0 vs 1 p=0.335, cluster 0 vs 2 p=0.530, 
cluster 1 vs 2 p=0.119. P-values for differences between clusters in terms of probability based 
predictions of WTF were as follows: cluster 0 vs 1 p=0.828, cluster 0 vs 2 p=0.395, cluster 1 vs 2 p=0.320. 
In this case, significance has dropped given an increase in sample size, suggesting that lack of 
significance was not due to sample size. These findings are consistent with the lack of correlations of any 
learner characteristic with WTF behavior. They do not support a relationship between WTF and the 
listed learner characteristics when these characteristics are combined, in a similar way to how the 
correlations shown in the appendix do not indicate a relationship between WTF and any individual 
learner characteristic.  
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Additionally, the factors which seem to be related through cluster analysis also seem to be 
related through individual correlations. For example, in table 5, cluster 0 contains the lowest 
Performance Avoidance, Novelty Avoidance, Self-Presentation of Low Achievement, and Skepticism of 
School’s Relevance. If we look at the table of Total Correlations in the appendix we can see that 
Performance Avoidance is positively correlated with Novelty Avoidance and Self-Presentation of Low 
Achievement, Novelty Avoidance is positively correlated with the aforementioned as well as Self-
Presentation on Low Achievement and Skepticism of School’s Relevance, and Self-Presentation of Low 
Achievement is positively correlated with the aforementioned as well as Skepticism of School’s 
Relevance.  

The cluster analysis findings support the correlation analysis findings, this support comes in the 
form of the aforementioned results and in prior paragraph, as well as the null results with regard to a 
relationship between WTF behavior and the measured learner characteristics.  

WTF & Learner Characteristics: Decision Tree Rule Learner 

The methods we have employed to find a relationship between WTF and Learner Characteristics 
so far have largely been conducted in order to determine what characteristic, or characteristics, relate 
positively or negatively with WTF behavior. However, using decision tree rule learners we can attempt 
to build special conditional rules that predict WTF behavior, from learner characteristics. In this case our 
primary goal is not to improve detection of WTF, but rather to gain a better understanding of what types 
of students are more likely to engage in WTF behaviors. Perhaps the relationship between learner 
characteristics and WTF might not be so simple as “more or less of a given learner characteristic implies 
a greater or lesser propensity for WTF behavior”. Rather, it may be the case that moderate or divergent 
extremes of certain learner characteristics may imply a greater or lesser propensity for WTF behavior, 
much in the same way that in our original detector of WTF behaviors both extremes of high and low 
totals of independent variable changes in a clip implied WTF behavior, while moderate amounts 
suggested not WTF. 

Ideally, a detector could be built for each data set and then the rules for determining WTF 
behavior could be compared. Unfortunately, the detector built based on the first data set under 6-fold 
cross validation performed non-satisfactorily (Cohen’s kappa <0). Even building a detector without 6-
fold cross validation, instead using the training set as the test set generates a detector that classifies all 
instances as “not WTF”. So it was necessary to merge all data sets to produce results in the same way 
that data sets were merged for cluster analyses. 

The merged data set of measures (PALS1 & PALS4) which included data from classes A, B, & C 
also generated a detector that classified all instances as “not WTF” under 6-fold cross validation, the 
same problem occurred outside of cross validation as well.  

These results are not informative in the way that we had intended: they told us nothing about 
how WTF behavior relates to learner characteristics in terms of conditional rules. However, they support 
the finding that these learner characteristics are, at best, weakly related to WTF behavior.  
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Discussion 

We demonstrated that WTF could be identified by human coders and that an automated 
detector of WTF could be successfully built and utilized. Furthermore, we investigated the possible 
relationship between learner characteristics and WTF behaviors by attempting to create models of WTF 
behaviors using student learner characteristics as features to train our detectors. 

 Examining the model of WTF behavior obtained provides some interesting implications about 
this type of behavior. Previous detectors of undesirable behavior have largely focused on identifying the 
specific undesirable behavior studied [37, 38, 64]. By contrast, the rules produced by the WTF detector 
are targeted more towards identifying what is not WTF behavior rather than identifying what is WTF 
behavior. Four of the six rules identify non-WTF behavior. Of the two rules identifying WTF behavior, 
one simply states that any behavior not captured by the first five rules can be considered WTF. As such, 
this model suggests that WTF behavior may be characterized by the absence of appropriate strategies 
and behaviors, in a student actively using the software, rather than specific undesirable behavior. 

It is also worth noting the feature most frequently employed in the model rules, namely, the 
number of times the student changed a simulation variable (feature 21). Though this feature is used in 
four of the six rules, it is not clear whether frequently changing variables implies WTF or not. Instead, 
different student actions appear to indicate WTF behavior in a student who frequently changes 
simulation variables, compared to a student who seldom changes simulation variables. Specifically, a 
student who changes variables many times without stopping to think before running the simulation is 
seen as displaying WTF behavior. By contrast, a student who changes variables fewer times is 
categorized as displaying WTF behavior if he or she runs a large number of experimental trials and also 
pauses the simulation for long periods of time. This may indicate that the student is running the 
simulation far more times than is warranted for the number of variables being changed, and that his or 
her pattern of pauses does not seem to indicate that he or she is using the time to study the simulation.  

Overall the preponderance of results on the relationship between carelessness or WTF and 
learner characteristics were null results. Findings regarding carelessness do not support earlier findings; 
in the case of cluster analysis they appear to contradict earlier findings. Given that the new findings are 
based on a partial sample of Class B favor should be given to the earlier findings of Class A, which is 
much larger. The most significant findings regarding WTF approach marginal significance.  

The lack of correlation between WTF and learner characteristics bears a resemblance to the lack 
of trait variables relationship to gaming the system [39]: perhaps WTF behaviors are more dependent on 
state rather than trait. Learner characteristics used here are entirely trait based. 

It may be reasonable then to look at non-trait based signs of disengagement focusing instead on 
individual differences and contextual factors that may lead students to engage in WTF behavior. This 
behavior could be expected to emerge for several reasons, including attitudinal reasons such as not 
valuing the learning task [65], or immediate affective states such as confusion, frustration, and boredom 
[66]. A key first paper investigating this question is Sabourin et al. [11], which showed that when WTF 
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behavior (termed off-task behavior) emerges among students displaying different affect, it has different 
implications about their affect later in the task. Specifically, students who engage in this behavior when 
they are confused later become bored or frustrated. By contrast, students who engage in this behavior 
when they are frustrated often become re-engaged. These findings suggest that intelligent tutors should 
offer different interventions, depending on the affective context of WTF behavior, but further research 
is needed to determine which strategies are most appropriate and effective for specific learning 
situations and for learners with specific characteristics. For example, a confused student engaging in 
WTF behavior may need additional support in understanding how to learn from the learning 
environment [67]. By contrast, a student who engages in WTF behavior due to boredom or because they 
do not value the learning task may require intervention targeted towards demonstrating the long-term 
value of the task for the student’s goals [68].  

Automated detectors such as the one presented here have a substantial role to play in 
understanding the causes of WTF behavior. In specific, these detectors will make it feasible to study 
WTF behavior across a greater number of situations [cf. 69], helping us to better understand the factors 
leading to WTF behavior. By understanding the causes of WTF behavior, and how learning software 
should respond to it, we can take another step towards developing learning software that can 
effectively adapt to the full range of students’ interaction choices during learning [70]. 

Future Work 
Beyond the scope of this master’s thesis, there are several research opportunities for the future. 

The practical application of this research will hopefully benefit the students using Inq-ITS by identifying 
students who engage in WTF behaviors or careless errors and in turn responding in real time to get them 
back on track as necessary. Furthermore, differentiating between forms of disengagement should allow 
for different and appropriate methods for scaffolding students. Again, disengaged behaviors do not 
always mean reduced learning gains [cf. 4, 35] and it has been posited that WTF-like behaviors 
(described as Off-Task) may serve as a self-regulation strategy for some students by allowing them 
breaks in study [10, 11]. Hence, modifying Inq-ITS to appropriately respond to these behaviors will 
depend upon understanding them.  

It may be possible to use association rule or sequence mining approaches applied to these data 
to replicate Sabourin’s finding [11] that students who performed WTF behaviors (termed Off-Task) while 
frustrated or confused are more likely to become re-engaged. By looking at the actions which directly 
precede or follow WTF behaviors along with the observed or detected affect of students we may pursue 
two different new research opportunities. Firstly, we may determine better whether WTF behaviors 
help or harm students learning strategies. Second, we may be able to use these preceding and following 
actions, or affect data a means of adding features to improve our WTF detector.  

One learner characteristic we had intend on studying in relation to carelessness and WTF 
behaviors is grit as identified by Duckworth[71].Grit [71] might be negatively correlated with 
carelessness. If carelessness is driven by overconfidence on the part of the student, then perhaps a 
construct characterized by effort in spite of negative performance is also indicative of effort in spite of 
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positive performance. Alternately if carelessness is the product of boredom when confronted with 
familiar material, i.e. “high grit” students may continue to perform reliably in spite of boredom. We are 
currently collecting data using the short Duckworth Grit scale including simpler language intended for 
children [71]. 

The work to date has been based on a detector trained on a single data set. Further, while the 
kappa found in inter-rater reliability is impressive at 0.66 this is based on 2 agreed WTF positive clips, 
135 agreed WTF negative clips and 2 disagreements. The construct validity of WTF should be tested by 
having additional coders code clips for WTF behaviors. Ideally, these coders would come from 
independent communities and they would code clips in new domains in environments other than Inq-
ITS or SLINQ’s inquiry microworlds. This research has been a reasonable start to exploring WTF as a 
construct, but the WTF detector’s validity and further its utility in terms of learning and affect must be 
further tested.  
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PALS1 Mastery Pearson Correlation 1 .250** .180* .524** -.388** -.380** -.258** -.470** -.090 

Sig. (2-tailed)  .004 .038 .000 .000 .000 .003 .000 .302 

N 134 134 134 134 134 134 134 134 134 

PALS1 Performance 
Approach 

Pearson Correlation .250** 1 .565** .150 .021 .036 -.165 -.030 -.093 

Sig. (2-tailed) .004  .000 .083 .809 .681 .057 .735 .283 

N 134 134 134 134 134 134 134 134 134 

PALS1 Performance Avoid Pearson Correlation .180* .565** 1 .089 -.002 -.175* .077 -.020 .076 

Sig. (2-tailed) .038 .000  .306 .979 .043 .374 .818 .385 

N 134 134 134 134 134 134 134 134 134 

PALS4 Academic Efficacy Pearson Correlation .524** .150 .089 1 -.385** -.321** -.219* -.270** -.053 

Sig. (2-tailed) .000 .083 .306  .000 .000 .011 .002 .543 

N 134 134 134 136 136 136 136 136 136 

PALS4 Novelty Avoid Pearson Correlation -.388** .021 -.002 -.385** 1 .379** .184* .281** .087 

Sig. (2-tailed) .000 .809 .979 .000  .000 .032 .001 .314 

N 134 134 134 136 136 136 136 136 136 

PALS4 Disruptive Behavior Pearson Correlation -.380** .036 -.175* -.321** .379** 1 .299** .354** .004 

Sig. (2-tailed) .000 .681 .043 .000 .000  .000 .000 .961 

N 134 134 134 136 136 136 136 136 136 

PALS4 Self Presentation 
Low Achievement 

Pearson Correlation -.258** -.165 .077 -.219* .184* .299** 1 .235** .008 

Sig. (2-tailed) .003 .057 .374 .011 .032 .000  .006 .928 

N 134 134 134 136 136 136 136 136 136 

PALS4 Skeptical School 
Relevance 

Pearson Correlation -.470** -.030 -.020 -.270** .281** .354** .235** 1 -.035 

Sig. (2-tailed) .000 .735 .818 .002 .001 .000 .006  .689 

N 134 134 134 136 136 136 136 136 136 

WTF  Pearson Correlation -.090 -.093 .076 -.053 .087 .004 .008 -.035 1 

Sig. (2-tailed) .302 .283 .385 .543 .314 .961 .928 .689  

N 134 134 134 136 136 136 136 136 144 

**. Correlation is significant at the 0.01 level (2-tailed). 
*. Correlation is significant at the 0.05 level (2-tailed). 
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Class B Correlations 
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PALS1 Mastery Pearson Correlation 1 .173 .024 .141 -.032 -.080 .045 -.207 .230* -.230* .242* .009 

Sig. (2-tailed)  .103 .822 .185 .761 .452 .674 .050 .029 .029 .022 .936 

N 90 90 90 90 90 90 90 90 90 90 90 90 

PALS1 Performance 
Approach 

Pearson Correlation .173 1 .571** .058 .257* .087 .223* .197 .000 .089 -.058 -.032 

Sig. (2-tailed) .103  .000 .588 .015 .416 .035 .063 .997 .406 .584 .763 

N 90 90 90 90 90 90 90 90 90 90 90 90 

PALS1 Performance 
Avoid 

Pearson Correlation .024 .571** 1 -.017 .240* .109 .320** .264* -.132 .317** -.177 .069 

Sig. (2-tailed) .822 .000  .875 .023 .304 .002 .012 .216 .002 .095 .517 

N 90 90 90 90 90 90 90 90 90 90 90 90 

PALS4 Academic 
Efficacy 

Pearson Correlation .141 .058 -.017 1 -.201 -.026 -.061 -.116 .405** -.466** .416** -.200 

Sig. (2-tailed) .185 .588 .875  .058 .811 .567 .275 .000 .000 .000 .059 

N 90 90 90 90 90 90 90 90 90 90 90 90 

PALS4 Novelty Avoid Pearson Correlation -.032 .257* .240* -.201 1 .309** .499** .356** -.436** .460** -.326** .072 

Sig. (2-tailed) .761 .015 .023 .058  .003 .000 .001 .000 .000 .002 .502 

N 90 90 90 90 90 90 90 90 90 90 90 90 

PALS4 Disruptive 
Behavior 

Pearson Correlation -.080 .087 .109 -.026 .309** 1 .386** .111 -.294** .110 -.264* -.032 

Sig. (2-tailed) .452 .416 .304 .811 .003  .000 .300 .005 .300 .012 .761 

N 90 90 90 90 90 90 90 90 90 90 90 90 

PALS4 Self 
Presentation Low 
Achievement 

Pearson Correlation .045 .223* .320** -.061 .499** .386** 1 .415** -.287** .313** -.184 -.006 

Sig. (2-tailed) .674 .035 .002 .567 .000 .000  .000 .006 .003 .082 .953 

N 90 90 90 90 90 90 90 90 90 90 90 90 

PALS4 Skeptic 
School Relevance 

Pearson Correlation -.207 .197 .264* -.116 .356** .111 .415** 1 -.272** .449** -.143 .069 

Sig. (2-tailed) .050 .063 .012 .275 .001 .300 .000  .009 .000 .178 .520 

N 90 90 90 90 90 90 90 90 90 90 90 90 

Tangney Brief Self 
Control Scale 

Pearson Correlation .230* .000 -.132 .405** -.436** -.294** -.287** -.272** 1 -.553** .629** -.016 

Sig. (2-tailed) .029 .997 .216 .000 .000 .005 .006 .009  .000 .000 .877 

N 90 90 90 90 90 90 90 90 90 90 90 90 

Work Avoidance 
Harackiewicz 

Pearson Correlation -.230* .089 .317** -.466** .460** .110 .313** .449** -.553** 1 -.504** .061 

Sig. (2-tailed) .029 .406 .002 .000 .000 .300 .003 .000 .000  .000 .569 

N 90 90 90 90 90 90 90 90 90 90 90 90 

Self Efficacy 
Zimmerman 

Pearson Correlation .242* -.058 -.177 .416** -.326** -.264* -.184 -.143 .629** -.504** 1 -.146 

Sig. (2-tailed) .022 .584 .095 .000 .002 .012 .082 .178 .000 .000  .171 

N 90 90 90 90 90 90 90 90 90 90 90 90 

WTF Pearson Correlation .009 -.032 .069 -.200 .072 -.032 -.006 .069 -.016 .061 -.146 1 

Sig. (2-tailed) .936 .763 .517 .059 .502 .761 .953 .520 .877 .569 .171  

N 90 90 90 90 90 90 90 90 90 90 90 90 
*. Correlation is significant at the 0.05 level (2-tailed). 
**. Correlation is significant at the 0.01 level (2-tailed). 
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PALS1 Mastery 
 

Pearson Correlation 1 .213* .171 .443** -.271** -.146 -.063 -.446** .290** -.316** .282** .026 

Sig. (2-tailed)  .038 .095 .000 .008 .160 .549 .000 .007 .003 .009 .799 

N 96 96 96 94 94 94 93 92 87 85 85 96 

PALS1 
Performance 
Approach 
 

Pearson Correlation .213* 1 .591** .153 .094 .062 .141 .009 -.075 -.052 .018 .111 

Sig. (2-tailed) .038  .000 .140 .368 .552 .177 .931 .489 .633 .871 .280 

N 96 96 96 94 94 94 93 92 87 85 85 96 

PALS1 
Performance Avoid 
 

Pearson Correlation .171 .591** 1 .169 .212* .061 .217* -.052 -.151 .016 .019 -.025 

Sig. (2-tailed) .095 .000  .103 .040 .558 .037 .625 .161 .887 .860 .807 

N 96 96 96 94 94 94 93 92 87 85 85 96 

PALS4 Academic 
Efficacy 
 

Pearson Correlation .443** .153 .169 1 -.409** -.076 -.161 -.434** .327** -.370** .446** -.020 

Sig. (2-tailed) .000 .140 .103  .000 .466 .124 .000 .002 .000 .000 .848 

N 94 94 94 94 94 94 93 92 87 85 85 94 

PALS4 Novelty 
Avoid 
 

Pearson Correlation -.271** .094 .212* -.409** 1 .285** .279** .279** -.319** .430** -.501** -.031 

Sig. (2-tailed) .008 .368 .040 .000  .005 .007 .007 .003 .000 .000 .769 

N 94 94 94 94 94 94 93 92 87 85 85 94 

PALS4 Disruptive 
Behavior 
 

Pearson Correlation -.146 .062 .061 -.076 .285** 1 .346** .121 -.379** .130 -.344** -.055 

Sig. (2-tailed) .160 .552 .558 .466 .005  .001 .250 .000 .234 .001 .600 

N 94 94 94 94 94 94 93 92 87 85 85 94 

PALS4 Self 
Presentation Low 
Achievement 
 

Pearson Correlation -.063 .141 .217* -.161 .279** .346** 1 .147 -.188 .178 -.358** -.064 

Sig. (2-tailed) .549 .177 .037 .124 .007 .001  .162 .082 .104 .001 .540 

N 93 93 93 93 93 93 93 92 87 85 85 93 

PALS4 Skeptic 
School Relevance 
 

Pearson Correlation -.446** .009 -.052 -.434** .279** .121 .147 1 -.286** .411** -.347** -.032 

Sig. (2-tailed) .000 .931 .625 .000 .007 .250 .162  .007 .000 .001 .760 

N 92 92 92 92 92 92 92 92 87 85 85 92 

Tangney Brief Self 
Control Scale 
 

Pearson Correlation .290** -.075 -.151 .327** -.319** -.379** -.188 -.286** 1 -.400** .555** .013 

Sig. (2-tailed) .007 .489 .161 .002 .003 .000 .082 .007  .000 .000 .902 

N 87 87 87 87 87 87 87 87 87 85 85 87 

Work Avoidance 
Harackiewicz 
 

Pearson Correlation -.316** -.052 .016 -.370** .430** .130 .178 .411** -.400** 1 -.531** .139 

Sig. (2-tailed) .003 .633 .887 .000 .000 .234 .104 .000 .000  .000 .206 

N 85 85 85 85 85 85 85 85 85 85 85 85 

Self Efficacy 
Zimmerman 
 

Pearson Correlation .282** .018 .019 .446** -.501** -.344** -.358** -.347** .555** -.531** 1 .026 

Sig. (2-tailed) .009 .871 .860 .000 .000 .001 .001 .001 .000 .000  .812 

N 85 85 85 85 85 85 85 85 85 85 85 85 

WTF 
 

Pearson Correlation .026 .111 -.025 -.020 -.031 -.055 -.064 -.032 .013 .139 .026 1 

Sig. (2-tailed) .799 .280 .807 .848 .769 .600 .540 .760 .902 .206 .812  

N 96 96 96 94 94 94 93 92 87 85 85 96 
*. Correlation is significant at the 0.05 level (2-tailed). 
**. Correlation is significant at the 0.01 level (2-tailed). 
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PALS1 Mastery Pearson Correlation 1 .254** .140* .447** -.329** -.246** -.141* -.440** -.039 

Sig. (2-tailed)  .000 .012 .000 .000 .000 .012 .000 .484 

N 320 320 320 318 318 318 317 316 320 
PALS1 
Performance 
Approach 

Pearson Correlation .254** 1 .569** .145** .073 .047 .023 .015 -.018 
Sig. (2-tailed) .000  .000 .010 .194 .407 .678 .790 .755 
N 320 320 320 318 318 318 317 316 320 

PALS1 
Performance 
Avoidance  

Pearson Correlation .140* .569** 1 .085 .114* -.032 .188** .051 .042 
Sig. (2-tailed) .012 .000  .129 .042 .564 .001 .369 .454 
N 320 320 320 318 318 318 317 316 320 

PALS4 Academic 
Efficacy 

Pearson Correlation .447** .145** .085 1 -.357** -.126* -.154** -.335** -.063 
Sig. (2-tailed) .000 .010 .129  .000 .024 .006 .000 .258 
N 318 318 318 320 320 320 319 318 320 

PALS4 Novelty 
Avoidance 

Pearson Correlation -.329** .073 .114* -.357** 1 .337** .302** .328** .051 
Sig. (2-tailed) .000 .194 .042 .000  .000 .000 .000 .359 
N 318 318 318 320 320 320 319 318 320 

PALS4 Disruptive 
Behavior 

Pearson Correlation -.246** .047 -.032 -.126* .337** 1 .333** .212** -.015 
Sig. (2-tailed) .000 .407 .564 .024 .000  .000 .000 .796 
N 318 318 318 320 320 320 319 318 320 

PALS4 Self 
Presentation of 
Low Achievement 

Pearson Correlation -.141* .023 .188** -.154** .302** .333** 1 .265** -.018 
Sig. (2-tailed) .012 .678 .001 .006 .000 .000  .000 .755 
N 317 317 317 319 319 319 319 318 319 

PALS4 Skeptical 
School Relevance 

Pearson Correlation -.440** .015 .051 -.335** .328** .212** .265** 1 -.009 
Sig. (2-tailed) .000 .790 .369 .000 .000 .000 .000  .868 
N 316 316 316 318 318 318 318 318 318 

WTF Pearson Correlation -.039 -.018 .042 -.063 .051 -.015 -.018 -.009 1 
Sig. (2-tailed) .484 .755 .454 .258 .359 .796 .755 .868  

N 320 320 320 320 320 320 319 318 330 
**. Correlation is significant at the 0.01 level (2-tailed). 
*. Correlation is significant at the 0.05 level (2-tailed). 
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