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Abstract. In a personalized learning context, teachers decide which content to
assign to students on the basis of data. However, it is not clear that simply provid-
ing teachers with data is sufficient to promote good instructional decisions. In
this paper, we study data from an online learning platform that gives teachers
data on student test performance and then allows them to decide which new skill
students should work on. We then apply a knowledge graph algorithm to infer
whether the content the teacher assigned the student is a skill that the student is
ready to learn (i.e. the skill is within the student’s Zone of Proximal Develop-
ment), whether the student is not yet ready to learn the skill, or whether the stu-
dent has already learned the skill. In this paper, we study how the teacher’s deci-
sion of what skills or topics the student should work on correlate to the student’s
learning outcomes. We study this issue using logistic regression to compare
whether students master more skills based on whether they are assigned ready-
to-learn skills or unready-to-learn skills according to the knowledge graph. The
results demonstrate that in both mathematics and English learning contexts, if the
teacher selects skills which the student is assessed by the algorithm to be ready
to learn, the student gains more mastery than if he or she is assigned skills he or
she is not ready to learn. We conclude by proposing a visualization that more
clearly surfaces the knowledge graph predictions to teachers.
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1 Introduction

There has been considerable interest over the last decades in providing students with
adaptable, personalized learning experiences and flexible content sequencing. How-
ever, there is more to the potential of AIED systems than just automated adaptivity.
Increasingly, AIED systems also inform teacher decision-making [5], part of a broader
trend to support data-driven decision-making by teachers.



However, data-driven decision making within a technologically rich medium will
only be effective when the right data is clearly presented by teachers, and when teachers
to make the right teaching decisions. While there is increased interest in supporting
teacher cognition and metacognition in the context of AIED systems [10] and creating
better methods for informing teachers [5,7], it remains unknown how effective teachers
are at using the information they receive. As Earl and Katz [4] note, although many
school districts have established large databases, teachers typically receive little guid-
ance in terms of how to effectively use the data for differentiated instruction. In partic-
ular, how effective are teachers at selecting material to work from when given reports
on student performance? In other words, even when the data are accessible to teachers,
they still have difficulties in deciding what students need next, to phrase it in affective
terms, to measure what contents fall in learner’s zone of proximal development (ZPD).

We consider this in the specific context of selecting content in a learner’s zone of
proximal development (ZPD). A learner’s ZPD represents the difference between what
a learner can learn with assistance, and what he or she has already mastered without
help [14]. As Vygotsky [14] notes, the term “proximal” means those skills a learner is
“close” to mastering; a learning task assigned within this zone is likely to be learned
effectively, and content outside the ZPD is likely to either be too difficult or too easy
for the student. In its original formulation, ZPD is difficult to measure without intense
one-on-one scaffolding, making it difficult for teachers to use it as a basis for instruc-
tional decisions, but Murray and Arroyo [13] propose that the ZPD can be measured by
adaptive learning systems. As the first group of researchers who investigated how ZPD
is measured in AIED systems, they proposed to categorize a learner’s learning process
into several states, using data such as task performance and the number of actions
needed. ZPD was identified when learners’ data demonstrated that they were appropri-
ately challenged instead of being too bored or too confused. Inspired by their work, our
current study proposes to use the knowledge graph as another potential tool for deter-
mining a student’s ZPD in an adaptive learning system.

In this paper, we measure the ZPD using a knowledge graph and then use this meas-
ure to investigate whether teachers make good instructional decisions based on student
performance data. Specifically, we investigate the impacts on student performance and
mastery when they are assigned content inside or outside their assessed ZPD. Our hy-
pothesis is that students will gain more mastery if assigned skills they are ready-to-learn
(RtL) than if the teacher assigns unready-to-learn (UtL) skills. We conclude with ideas
on how to communicate ZPD to teachers.

2 Method

2.1 Platform

In the current study, we use data from an online learning platform, Learnta, that gives
teachers data on student test performance and then allows them to decide which content
students should work on [1]. Learnta’s knowledge graph maps content to a prerequisite
structure, representing which content is necessary to know to learn content. A student’s



mastery of each skill is assessed by Bayesian Knowledge Tracing (BKT) [3], determin-
ing whether the student has mastered a particular skill by predicting their latent
knowledge. BKT has four parameters: the initial probability of knowing the skill-
P(LO0); the probability of learning the skill each time it is encountered - P(T); the prob-
ability of making a mistake despite knowing the skill- P(S), and the probability of
guessing an unknown skill correctly- P(G). Then the prerequisite structure is used to
assess which content a student is ready-to-learn (RtL), defined as when the student has
not yet mastered the skill but has mastered all of its prerequisites (i.e. the skill is within
the student’s ZPD), versus which content the student is unready-to-learn (UtL), i.e. not
all prerequisites have been mastered. We investigate whether teachers given assessment
data make effective instructional decisions, by seeing whether they assign materials that
fall in the student’s ZPD, and what the results are for learning.

2.2 Data Collection

In an English grammar learning, the topic titled “Pronoun and Noun”, used by 49
Learnta students, was randomly selected from the pool of topics. The math/Calculus
topic “Integral Expression” was randomly selected from the pool of topics signed up
for by the same group of students. During teaching, the teacher has access to student
performance data and then makes decisions on the basis of performance data. When
each action that determines what content to teach next — e.g. assigning a new skill-- was
made by the teacher, the system detected and collected it as an instructional decision.
We collect data on whether that skill is assessed by the learning system as mastered or
not, according to BKT, by the end of the learning period. A skill was considered mas-
tered if BKT found probability of mastery greater than 95%, and as not mastered oth-
erwise. The teacher then selects another skill for the student to work on. Learnta’s
knowledge graph changes each time a new skill is encountered and assessed.

2.3 Statistical Analysis

We compare the degree to which students master skills, based on whether the teacher
selects RtL skills, UtL skills, or already-mastered skills. The analyses are conducted
separately for English and math. The outcome of interest is whether the student mas-
tered the skill according to BKT. The number and percentage of skills that are mastered
are tabulated for each type of teaching decision. We assess the association between
instructional decisions and student mastery, looking at whether students are more likely
to master RtL skills than UtL skills. The primary model is a logistic regression model
with teaching decision as the single predictor variable. As a sensitivity analyses to as-
sess the robustness of the primary model, mixed-effects logistic regressions are also
conducted to adjust for the confounding effects of student and skill, either individually
or both together. In these mixed-effects models, teaching decision is a ternary variable
(RtL, UtL, already-mastered) and is considered as a fixed effect, while student-level
and skill-level variables are treated as random effects. Odds ratios (OR) and corre-
sponding P-values are calculated in R version 3.0.2 [5] using the glm() function for
logistic regression and the lme4 package [6] glmer () function for logistic regression
with mixed effects.



3 Results

For mathematics learning (“Integral Expression”), the teacher made 619 instructional
decisions. Among the decisions, the teacher taught RtL skills 238 times, and the stu-
dents mastered them 63% of the time. The teacher taught UtL skills 208 times, and the
mastery rate was only 46%. Already-mastered skills were taught 173 times, with a mas-
tery rate of 80%. Note that the mastery rate of these already-mastered skills was well
below 95% even though the algorithm had previously assessed the skill as mastered
with over 95% confidence. This may be due to the probability of slipping, or forgetting
the skill after it had been learned.

For English grammar learning (“Pronoun and Noun”), the teacher made 721 instruc-
tional decisions. Among the decisions, the teacher taught RtL skills 86 times, and the
students mastered them 64% of the time. The teacher taught UtL skills 497 times, and
the mastery rate was only 39%. Already-mastered skills were taught 138 times, with a
mastery rate of 79%. As mentioned above, forgetting or slipping may lead to an actual
mastery rate that is lower than 95%.

Logistic regression analyses and sensitivity analyses confirmed that instructional de-
cisions were significantly associated with students’ learning outcomes, p<0.001 for
both topics. Students who were taught a ready-to-learn skill were 4.34 times more likely
to master an English grammar skill, and 2.78 times more likely for math.

4 Discussion and Conclusions

In a teacher-driven personalized learning environment, teachers decide which content
to assign to students based on the student’s performance data. However, simply provid-
ing teachers with data is not always sufficient for good instructional decision making.
This paper investigates whether knowledge graphs can be used to inform and improve
teacher instructional decisions within an online learning platform, in terms of Vygot-
sky’s Zone of Proximal Development. A knowledge graph algorithm is applied to as-
sess whether teachers assign content that a student is ready-to-learn (RtL), unready-to-
learn (UtL), or already-mastered. We find that mastery is higher when teachers assign
RtL skills than UtL skills, though not quite as high as if the teacher decides to re-teach
a skill that the student already mastered. These findings, which generalize to both Eng-
lish and math, suggest steps we can take to optimize student learning outcomes and
teacher decision making. Optimizing learning outcomes requires correct teaching deci-
sions that lead students on the right path, based on the student’s ZPD. As such, it would
be beneficial to create an interface to communicate what students are ready to learn to
teachers, and what evidence this recommendation is based on. This can be accom-
plished by displaying knowledge graphs showing how the system’s recommendation
of a skill is generated based on performance on prerequisite skills. Teacher training
could emphasize the importance of using the ZPD to personalize learning and how to
use knowledge graph recommendations in instructional design. While a knowledge
graph may not provide a perfect operationalization of Vygotsky’s ZPD, it can offer
teachers information that they can use to better support student learning.
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