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ABSTRACT
Previous studies have investigated the relationship between
affect, behavior, and learning in blended learning systems. These
articles have found that affect and behavior are closely linked
with learning outcomes. In this paper, we attempt to replicate
prior work on how affective states and behaviors relate to
mathematics achievement, investigating these issues within the
th
context of 5 -grade students in South Texas using a
mathematics blended learning system, Reasoning Mind. We use
automatic detectors of student behavior and affect, and correlate
inferred rates of each behavior and affective state with the
students' end-of-year standardized assessment score. A positive
correlation between engaged concentration and test scores
replicates previous studies, as does a negative correlation
between boredom and test scores. However, our findings differ
from previous findings relating to confusion, frustration, and offtask behavior, suggesting the importance of contextual factors
for the relationship between behavior, affect, and learning. Our
study represents a step in understanding how broadly findings
on the relationships between affect/behavior and learning
generalize across different learning platforms.
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1 INTRODUCTION
One of the ongoing questions in research on affect and
engagement has been how these aspects of student experience
relate to learning outcomes [1, 2, 3, 4], particularly performance
on standardized examinations [5, 6, 7]. Understanding how
student behaviors correlate with learning outcomes can offer
insight into educational practice. In particular, understanding
which forms of engagement matter for student outcomes can
drive the design of reporting and intervention systems for
teachers that help improve academic outcomes [8].
Though there has been research on how engaged and disengaged
behaviors relate to outcomes for quite some time (e.g., Lahaderne
[9]), considerable recent research in this area has been conducted
using fine-grained analyses of student behavior in computerbased learning environments. For example, Feng, Heffernan and
Koedinger [6] found that a model which included students’
online interactions in the ASSISTments tutoring system (e.g.,
total number of attempts, time spent solving each question) was
significantly better at predicting standardized test scores than a
model which only used students’ correctness of items.
In another example, Rodrigo and colleagues [2] were able to
identify which affective states and behaviors significantly
predicted students’ midterm scores in an undergraduate
programming course. Findings indicate that students who
experienced more confusion, boredom, and on-task conversation
were more likely to do worse on the midterm exam. A
marginally significant positive relationship between on-task
behavior and learning was found. Frustration, off-task behavior
and gaming the system were not significantly associated with
midterm exam scores.
In a third example, Pardos et al. [5] investigated the relationship
between affect/behavioral engagement and learning outcomes by
correlating students’ proportions of affect and engagement in
the ASSISTments tutoring system, as assessed by machinelearned detectors with students’ scores on the Massachusetts
Comprehensive Assessment (MCAS) state standardized test.
Engaged concentration was positively associated with
standardized test scores, while boredom, confusion, and gaming
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the system had negative relationships with test scores. They also
found a positive correlation between frustration and learning. In
contrast, off-task behavior had the weakest relationship with
learning and was not consistently associated with lower
standardized test scores. However, it is not yet clear how much
these results generalize beyond the specific learning platform
and student population in which that study was conducted.
In a fourth example, Ritter, Joshi, Fancsali, and Nixon [7] found
that students’ pre-test scores and their online behaviors in the
Cognitive Tutor learning platform significantly predicted
standardized test scores, above and beyond pre-test scores alone.
Lastly, in more recent work, Feng and Roschelle [10]
investigated how online homework behaviors in ASSISTments
relate to end-of-year standardized test scores. While their results
indicate that completing more homework problems in less time
is associated with higher scores, the effect size between online
behaviors and learning was not as strong as seen in prior work
(e.g. [6]).
In this paper, we attempt to determine how general these prior
findings are, in particular, those findings relating to affective
states and disengaged behaviors in Rodrigo et al. [2] and Pardos
et al. [5]. To understand how general those findings are, we do
so in the context of a different learning platform, geographic
region, ethnic makeup of the student population, and using a
different standardized assessment. Specifically, we investigate
this question in the context of Reasoning Mind Foundations, a
mathematics learning system for elementary students. We
measure student affect and behavioral disengagement using
models developed from a combination of field observations and
data mining. We then examine the correlation between students’
affect and behavioral disengagement and their scores on the
State of Texas Assessments of Academic Readiness (STAAR)
standardized examination.

2 REASONING MIND FOUNDATIONS
Reasoning Mind Foundations is a mathematics blended learning
program that provides an online mathematics curriculum with
instructional, practice, and assessment components together
with teacher training and support [11]. This blended learning
system was developed for elementary students and designed to
be implemented in a classroom with a teacher present. Students
spend most of the time in the online program in Guided Study, a
mode that combines interactive instruction with independent
practice and review. The system diagnoses gaps in pre-requisite
knowledge of struggling students and attempts to remediate
those gaps. The teacher receives real-time information on
student progress and uses that information to tailor one-on-one
or small group interventions with students [12]. The Reasoning
Mind learning system is used by approximately 150,000 students
a year, mainly in the Southern part of United States.

2

Figure 1: Reasoning Mind Guide Study Objective Map.

3 METHODOLOGY
3.1

Data Collection

For the measure of learning, we used Mathematics State of Texas
Assessment of Academic Readiness (Math STAAR) scale scores.
These scores were obtained from 15 schools within six school
districts in South Texas, including both urban and rural districts.
We also obtained system log data from 5th-grade students who
used the Reasoning Mind platform during AY 2015-16. Of these,
1444 students used the system for at least 84 hours during the
academic year, approximately 2 hours per week, and were
th
included in the study. Because the 5 Grade Reasoning Mind
curriculum is designed to be used as a core curriculum (replacing
traditional mathematics instruction), low usage of the system
typically corresponds to students who have been absent for most
of the academic year (e.g., transferred to a different class or
school), or to teachers who implement the program as a
supplement, with infrequent use targeting particular topics
rather the full set of grade-level standards.
Student actions in the system were aggregated into 20-second
intervals, or “clips,” for application of the affect and behavior
detectors, discussed below. The selected students generated a
total of 1,948,485 action clips within the instructional mode in
the system.
Merging the two data sets resulted in 613 students having both
STAAR data and a sufficient quantity of log data. Of the 613
students, 347 are female and 266 male; the majority (547) are
economically disadvantaged; few (22) are special education
students; the majority (580) are Hispanic.

3.2

Affect and Behavior Detection

Detectors of four affective states were utilized in this study:
boredom, frustration, confusion, and engaged concentration. We
also utilized detectors of four forms of engaged and disengaged
behavior: off-task behavior, solitary on-task behavior, on-task
conversation, and proactive remediation [12]. Proactive
remediation occurs when a teacher decides to provide specialized
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instruction to one or more students about a specific math topic,
typically based on reports that those students are struggling with
that topic.
Detectors were developed using training data from quantitative
classroom observations conducted by human coders using the
BROMP protocol [13]. Trained personnel observed students in a
pre-set order for up to 20- second intervals ("clips") and recorded,
their affect and behavior during the observation using the HART
Android app [14]. The observations, conducted in five Texas
schools and one school in West Virginia, resulted in a total of
2550 clips. These were synchronized with the log data of the
corresponding student actions in the Reasoning Mind system.
Feature engineering was conducted, resulting in 277 distinct
features. As shown in Table 1, examples of the features
generated across detectors were related to the student’s rate of
slowing down or speeding up his/her work relative to an average
rate within a 20-second clip or longer 2-hour window.
Table 1: Examples of features included across detectors
Feature
timeSDlongwindowdiffmax

timeSDdiff2max

timeSDdiffmin

Time3SDmin

3rdPeakPJmin

Feature Description
Maximum difference in standard deviation
from the mean of times it took the student
to answer the questions in the present 20second clip and the average standard
deviation of the student in answering
questions in a 2-hour long window.
Maximum standard deviation from the
mean response time to the past three
answers and the standard deviation of
mean response times for the 20-second clip.
Minimum standard deviation from the
response time to the past two answers and
the standard deviation of mean response
times for the 20-second clip.
Minimum standard deviation from the
mean response time to the past four
answers and the standard deviation of the
mean response times for the 20-second clip.
Minimum standard deviation of the third
largest predicted value of the probability of
just having learned a skill (“J”) on the
present item across all skills in the 20second clip.

For details on the observation procedure in the Reasoning Mind
classroom, interrater reliability of observers, and the feature
engineering process, see Miller et al. [12].
The resulting labeled training dataset was used to fit the
detectors. Student-level 24-fold cross-validation was used to test

LAK’18, March 2018, Sydney, Australia
five algorithms in predicting each affective state and behavior.
Before training, upsampling of clips from the smaller group was
used to exactly balance the incidence of the target
affect/behavior in the training set of the fold. Additionally,
feature reduction based on pair-wise correlations among all
features was used to select 80 out of the 277 features before
training. The following algorithms and R packages/functions
were tested: stepwise forward selection linear regression (glm),
LASSO (glmnet), J48 (RWeka), random forest (randomForest),
and gradient boosting machine (gbm). AUC ROC [15], the
probability that the model can distinguish a member of one class
from a member of the other class, was used to evaluate the
goodness of fit for each fold, and the algorithm with the highest
average AUC across all folds was selected for each affective state
and behavior.
Stepwise forward selection linear regression (GLM) had the best
AUC for confusion, off-task, and solitary on-task. Random forest
performed best for boredom, frustration, and proactive
remediation. Gradient boosting machine performed best for
engaged concentration and on-task conversation.
As shown in Table 2, all of the affect and behavior detectors
performed better than chance, with the detector for proactive
remediation achieving the best performance (AUC = 0.79). The
overall range of the detectors was AUC from 0.53 to 0.79, with
most detectors in the 0.60-0.66 range. These values were
somewhat lower than the sensor-free affect detectors used by
Pardos et al. [5], which achieved AUC values from 0.63-0.82.
Table 2: Performance of affect and behavior detectors
Detector
Boredom
Frustration
Confusion
Engaged
Concentration
Off-task
Solitary on-task
On-task
conversation
Proactive
remediation

3.3

Algorithm
RF
RF
GLM
GBM

AUC
0.60
0.65
0.53
0.61

GLM
GLM
GBM

0.64
0.66
0.58

RF

0.79

Data Analysis

We correlated students’ affect and behavior to their STAAR
scores as follows: First, we computed the average predicted
probabilities of each affective and behavior across all clips per
student, giving us an estimate of each student’s affective state
and behavior across the entire academic year. Then, we
computed Pearson and Spearman correlations between the rates
of each affective state/ behavior and the students’ STAAR scores.
3
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We calculated the corresponding p-values for the correlations
and used the Benjamini-Hochberg [16] method to adjust the
alpha values for multiple comparisons.

4 RESULTS AND DISCUSSION
4.1 Correlational Results
We summarize the results of the Spearman and Pearson
correlations between each detector and the STAAR test scores in
Tables 3 and 4, respectively.
Table 3: Spearman Correlation of Student Affect and
Behavior to their STAAR Scores
Detector

ρ

p-value

adjusted
alpha
0.016*
0.050
0.025*
0.019*

Boredom
-0.48
<0.01
Frustration
-0.01
0.85
Confusion
-0.25
<0.01
Engaged
0.23
<0.01
Concentration
Off-task
-0.54
<0.01
0.022*
Solitary on-task
0.04
0.58
0.047
On-task
-0.06
0.16
0.038
conversation
Proactive
-0.18
<0.01
0.031*
remediation
Note: *significant after Benjamini-Hochberg correction

Table 4: Pearson Correlation of Student Affect and
Behavior to their STAAR Scores
Detector

r

p-value

adjusted
alpha

Boredom
Frustration
Confusion

-0.27
0.03
-0.18

<0.01
0.47
<0.01

0.003*
0.044
0.009*

Engaged
0.20
<0.01
0.006*
Concentration
Off-task
-0.43
<0.01
0.013*
Solitary on-task
0.02
0.38
0.041
On-task
-0.07
0.07
0.034
conversation
Proactive
-0.18
<0.01
0.028*
remediation
Note: *significant after Benjamini-Hochberg correction
Engaged concentration was positively associated with
standardized test scores (ρ = 0.23, r = 0.20). This result accords
with previous findings, both in Pardos et al. [5] and in Rodrigo
et al. [2], where engaged concentration was referred to as “flow.”
Boredom showed strong negative correlations with STAAR
scores, indicating that more boredom is associated with worse
4

performance (ρ = -0.48, r = -0.27), a pattern also seen in Rodrigo
et al. [2]. We also found that confusion had a similar relationship
with learning, such that more confusion was associated with
lower STAAR scores (ρ = -0.25, r = -0.18) - another result in
common with Rodrigo et al. [2].
However, frustration had no statistically significant correlation
with standardized test scores (ρ = -0.01, r= 0.03), a pattern in line
with Rodrigo et al. [2] but different from Pardos et al. [5].
In terms of behavior related to engagement, we found that ontask conversation was not significantly related to STAAR
performance (ρ= -0.06, r= -0.07), a result in common with Pardos
et al. [5] but different from Rodrigo et al. [2]. We also found that
solitary on-task behavior did not have a statistically significant
correlation with STAAR performance (ρ= 0.04, r=0.02). In
contrast, off-task behavior had the strongest correlation across
all of the detectors, with a strong negative relationship to
standardized test scores (p=-0.54, r =-0.43).
Finally, we found that proactive remediation was also
significantly negatively correlated with learning, albeit mildly so
(ρ =-0.18, r = -0.18). This result was unexpected, considering that
proactive remediation sessions are typically intended to improve
learning by providing students with specialized instruction. A
possible explanation for this result, however, is that teachers
typically offer proactive remediation to students who are already
struggling, potentially explaining those students’ lower test
scores.

5 CONCLUSIONS
In this article, we have investigated how student affect and
behavior relate to achievement outcomes, by correlating several
affective states and engagement-related behaviors to their
STAAR scores. We find that students who had high rates of
engaged concentration were more likely to perform well on the
test. By contrast, students who were frequently bored, confused,
or off-task were less likely to achieve higher scores on the test.
Frustration, on-task conversation, and on-task behavior were not
found to have a significant correlation with performance on the
standardized test.
Some of these results aligned with Pardos et al.’s [5] findings and
Rodrigo et al.’s [2] findings.
In particular, the positive
relationship between engaged concentration and standardized
test scores replicated within the context of Reasoning Mind, as
did the negative correlations for boredom and confusion, seen in
Rodrigo et al. [2]. Our results indicate that it is potentially
beneficial for Reasoning Mind teachers to anticipate or help
resolve student confusion - for example, by providing scaffolds
that help resolve an impasse during learning. Helping relieve
student boredom is also likely to be beneficial for Reasoning
Mind students.

Correlating affect and behavior with state test achievement
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However, while Pardos and his colleagues found a positive
relationship between frustration and standardized test scores, we
did not find a relationship between this affective state and
learning, a null effect also seen in Rodrigo et al. [2]. A more
surprising finding was the strong negative correlation between
off-task behavior and performance on the standardized exam, a
pattern not seen in previous work. Rodrigo et al. [2] and Fancsali
[17] found a null effect for off-task behavior, and Pardos et al. [5]
found a mild positive effect. Previous studies found that
Reasoning Mind students have unusually low rates of off-task
behavior [18, 19] – as such, it is possible that off-task behavior
correlates strongly with performance within Reasoning Mind
because a considerable amount of the more benign forms of offtask behavior disappear in Reasoning Mind, leaving only the
most problematic off-task behaviors. Better understanding this
relationship represents a valuable area for future work. At
minimum, however, this work suggests that re-designs focused
on reducing off-task behavior are particularly important within
the context of Reasoning Mind. Previous research suggests that
students using Reasoning Mind engaged in less off-task behavior
when e-learning principles, such as personalization and multimedia, were incorporated in a re-design of the system [19].
Exploring other ways to minimize off-task behavior may
potentially be useful for teachers in supporting Reasoning Mind
students to avoid disengagement and achieve better learning.

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

Overall, our findings indicate that several published
relationships between affect/behavior and learning can replicate
in a different math learning platform, with a regionally and
demographically different student population, and with a
different state standardized assessment. Given the replicable
positive correlations between engaged concentration and
learning, research on this relationship can potentially inform the
design of new interventions. By comparison, the extent to which
frustration, boredom, confusion and off-task behavior relate to
standardized test scores appears to be contingent on contextual
factors. When designing interventions based on these
relationships, it is important for teachers and researchers to
think about contextual factors that may mediate the effects of
frustration, confusion, and off-task behavior on learning.

[12]
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