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ABSTRACT

The incorporation of computer-based platforms in the class-
room has introduced the ability to conduct numerous random-
ized control trials at scale with student-level randomization.
Such systems are able to collect vast amounts of data on each
student while completing work in the classroom and at home.
It is often the case, however, that the effects of these trials
are reported across all students, ignoring the potential for
personalized learning. Personalized learning, or the obser-
vation of heterogeneous treatment effects, considers that the
effects of a studied learning intervention may differ for in-
dividual students; while an intervention may work well for
low-performing students, for example, it may have no effect
for higher performing students. Personalized learning can
lead to better instructional practices that maximizes the learn-
ing benefits for each individual student, and with the use of
computer-based platforms, such individualized instruction is
made feasible at large scales. In this work we use a causal
decision tree to observe treatment effects in 9 experiments run
in the ASSISTments online learning platform.
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INTRODUCTION

Many teachers employ computer-based learning platforms to
assign content and track students’ learning progress. While
these systems provide many useful tools to teachers, their us-
age, or more specifically that of their students, provides the
ideal setting to run randomized control trials aimed at identi-
fying what interventions best help students learn. While the
results of these trials, often described in terms of the effec-
tiveness of treatment over a control condition, are useful to
describe the effectiveness of interventions across all students,
it is often the case that there is variance within each condition;
the treatment may work very well for an identified subgroup
of students and exhibit no effects on another subgroup. It is
also possible that no significant effect of treatment is found in
whole, but such an effect may exist specifically for a smaller
subgroup. Identifying what works for whom is the goal of
personalized learning, such that, knowing information about
a student, one can apply the best instructional practices that
maximize student learning.

This concept of personalization is often referred to in terms of
heterogeneous treatment effects. Essentially this is the idea
that treatment effects are not the same across all students,
and can be more accurately measured by identifying the sub-
groups where the effect is present and testing for significance.
This identification of subgroups could be formed in a variety
of ways. While many clustering algorithms attempt to find
groups of similar students, the method that has been applied
to this problem in the past has instead utilized a form of deci-
sion tree, splitting students to maximize differences between
the subgroups on some observed outcome metric. One such
tree-based method, referred to as Causal Trees [1], has been
introduced specifically to identify these heterogeneities, and
employs a methodology to split students as well as measure
differences in treatment effects.

While not fully explored in the field of education and learning
analytics, the measurement of heterogeneous treatment effects
has long existed in other fields. Commercial companies such
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as Microsoft [3][4], Ebay [2], and many others who often
choose not to publish run large quantities of trials at scale on
their respective websites and platforms. Often is the goal of
these trials is to identify variations in design, layout, and incor-
poration of advertisement that optimizes an outcome metric of
interest; more importantly, it is often the goal to identify who
responds best to the tested variation in order to maximize indi-
rectly, if not explicitly, revenue. Such companies understand
that effects of treatment can exhibit, if perhaps rarely, signifi-
cance in the presence of heterogeneous subgroups, so why has
this not been widely implemented in the field of education?

The answer to this question in the past has been in regard
to scalability. It is difficult in traditional classroom environ-
ments to implement individualized instruction practices. As
the teacher usually addresses multiple students, using instruc-
tional practices that benefit the greatest number of students is
more practical simply due to the infeasibility of one-to-one
instruction. This changes, however, with the incorporation of
computer-based instructional practices in the classroom and
for homework. In this case, individualized aid can be given to
students in addition to the in-class instruction. We expect that
the combination of these two strategies will increase student
learning by collecting and utilizing information about student
performance.

Online learning platforms and intelligent tutoring systems al-
ready collect a breadth of student features as problems are
attempted, and such information has been used in a range of
predictive and performance measuring tasks. Similarly, such
information can be used to better analyse the results of ran-
domized control trials within these systems. Students who
have experienced the experiment can be grouped based on
features collected before condition assignment, after which
treatment effects can be measured within each grouping. Iden-
tifying a significant effect within a subgroup can be then imple-
mented for personalized instruction for future students. Future
students beginning an assignment could be assessed using
the same set of prior performance metrics to identify if one
method of instruction is more beneficial than another, and then
be given the better strategy.

The goal of this paper is to provide a preliminary analysis to
demonstrate that heterogenous treatment effects exist in the
field of learning. Beyond this, we show how a Causal Tree
(CT) can be implemented to observe this effect.

METHODOLOGY

In order to explore the concept of heterogeneous treatment
effects, we observe two approaches. The first explores the use
of just one student feature to observe a qualitative interaction
exemplifying this effect, while the second applies the more
sophisticated method of Causal Trees [1]. This work utilizes
a unique dataset consisting of student information from 22
randomized controlled trials run in the ASSISTments online
learning platform.

Dataset

The ASSISTments online learning platform is a free web-
based platform utilized by a large user-base of teachers and
students. The system, based primarily in math content, allows

teachers to assign several types of assignments for classwork
and homework, reporting on student performance and learn-
ing progress. Students are given immediate feedback on each
problem, and are also presented with several forms of instruc-
tional aid including hints, that provide a useful message, and
scaffolded questions that break the problem into smaller steps.
The platform has been the subject of a recent study within the
state of Maine [5], demonstrating significant learning gains
for students using the platform.

The dataset used [7] in this work is unique in that it provides
student information collected within the platform, comprising
22 randomized controlled experiments. These experiments
were run in assignment types known as “skill builders” in
which students are given problems until a threshold of under-
standing is reached; within ASSISTments, this threshold is
traditionally 3 consecutive correct responses. Reaching this
threshold denotes sufficient performance and completion of
the assignment. In addition to this experimental data, infor-
mation of the students prior to condition assignment is also
provided in the form of problem-level log data providing a
breadth of student information at fine levels of granularity.

Initial Approach

A preliminary analysis is performed to introduce a simple
method of identifying heterogeneity within one of the exper-
iments in our dataset. This selected experiment compared a
treatment group that presented students with video-based hints
to a control group that used text-based hints. The experiment
was run within an assignment entitled the “Composition of
Functions.” This analysis observes differences in completion
rates of the experimental assignment as an outcome measure.

Figure 1. Qualitative interaction found using a median split of prior

percent correctness.

After filtering observations in the dataset with missing values,
two simple methods are applied to illustrate the heterogeneous
effect. Each of these observes the student feature of prior
percent correct, representing the average number of correct
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responses in all data prior to the experiment for each student.
The data is filtered to remove missing values, leaving 110
observations. The first method, depicted in Figure 1 uses a
median split of this metric to place students into one of two
bins after which the completion rate is averaged within each
bin. The second method, illustrated in Figure 2 uses a logistic
regression including a term for condition, the prior percent
correct covariate, and an interaction term of these two.

Figure 2. Qualitative interaction found using a logistic regression.

Each of these show an interaction indicative of heterogeneity.
As is depicted in the second method, using the continuous
representation of prior percent correct, the effect is not equally
large for all types of students. This suggests that a more
sophisticated method may be able to identify other effects
using multiple features rather than just one to group students.

Causal Trees

Expanding upon the preliminary work depicted in the previous
section, we also apply Causal Trees [1] to our dataset to iden-
tify and measure other such treatment effects. The technique
is applied to 9 experiments of the existing 22 due to their sim-
ilarity of intervention design. Each compares a variation of
providing video versus text hints in different contexts. This
subset is used for this comparison and as this is presented
as a demonstration of the method’s utility. Due to the small
treatment effects found in the training data, it is expected
that heterogeneity in these particular experiments within our
dataset is rare.

First, we randomly split the data into two equal subsets; the
first is to be used for model training, while the second will
be used as a test set. Using the training data, we build a
single causal tree across all experiments; as each experiment
observes a similar intervention, the results will indicate more
generalized effects of video- versus test-based hints. As input
into the tree, we observe multiple covariates such as locality
of the school, Guessed Gender (as data is anonymized, gender
is inferred or left as unknown), Z-Scored Mastery Speed (a
performance metric denoting the number of problems needed

to complete a skill builder), Prior Percent Completion (average
number of completed assignments prior to the experiment),
Prior Percent Correct, Prior Homework Percent Completion, Z-
Scored HW Mastery Speed, and also the experiment identifier.
Using the test set, students are grouped using into leafs using
the constructed tree. Within each leaf, students are split by
condition and compared to identify treatment effects.

RESULTS

Observing the analysis using the causal tree1, the method of
measuring differences between condition at each leaf can vary.
In our analysis, we perform a Fisher test for odds ratios[6] with
95% confidence intervals. This odds ratio analysis provides
a relative measure of effect of treatment as compared to the
control condition. Again, completion of the experiment is
our outcome metric of comparison. To interpret the ratio, a
value less than 1 indicates higher effects in the experimental
condition, while values greater than one indicate a higher
effect in the control condition; values equal to one indicate
that there is no effect. This analysis provides significance
values and confidence intervals to evaluate the believability of
the effect.

Breslow-Day X2 22.71

p-value of Common Odds Ratio 0.01

Table 1. Breslow-Day test for heterogeneity between nodes in regard to

odds ratio.

The causal tree odds ratio analysis is reported in Table 2. These
results, generated from the test set applied to the constructed
model from training, show two leafs with significant treatment
effects. These leafs represent interactions of prior homework
completion and prior percent correctness values of students
as discovered by the tree. The number of students found
to complete, as opposed to those who did not complete, the
experimental assignment are also reported in Table 2.

The method is shown to identify heterogeneous effects, but
one further step can be taken to ensure that the technique is
splitting students such that there is heterogeneity between the
leafs themselves. Using a Breslow-Day (B-D) test, we can
validate that the causal tree is finding heterogeneous groups of
students. The results of this test, reported in Table 1, indicate
that there is significant heterogeneity between the leaf nodes.

DISCUSSION

The results of the causal tree analysis suggest that some hetero-
geneous effects do exist across all experiments. Based on this
general analysis, however, it would appear that no qualitative
interactions emerge from the results. It is found in the first two
leafs that the text-hints condition is significantly better than
the video-hint condition, while no other significant effects are
found.

As this is merely an exemplary usage of such a model to
identify areas for personalization, several limitations of our
approach may be affecting our results. For example, a single

1The resulting tree can be viewed at http://tiny.cc/LaS_causal_tree
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Control Control Treatment Treatment
Leaf N Complete N Incomplete N Complete N Incomplete Odds Ratio Lower CI Upper CI

1 33 18 23 3 2.45* 1.05 5.87

2 19 5 17 21 4.58* 1.30 19.06

3 54 4 65 1 2.07 0.56 9.54

4 51 17 48 8 0.50 0.17 1.37

5 42 15 39 5 0.36 0.09 1.18

6 100 8 78 10 1.60 0.54 4.90

7 28 6 32 7 1.02 0.26 4.15

8 24 1 17 3 4.11 0.30 231.08

9 34 18 33 13 0.75 0.29 1.91

10 25 8 28 11 1.22 0.12 4.12

11 35 27 48 27 0.73 0.35 1.54

Table 2. The number of students for each leaf in the causal tree and odds ratio analysis metrics. *Significance based on the confidence intervals.

tree is used to describe all 9 related experiments for sake of
reducing the complexity of our presentation of the approach,
but it may be more beneficial to train a separate tree on each
experiment. Likewise, in place of using a single tree per
experiment, it may also be beneficial to explore the usage of
random causal forests [1] to explore a wider range of covariate
combinations.

CONTRIBUTION

This paper stresses the need to apply focus toward improving
personalizations in learning. As explored in both a simple
analysis, and a more sophisticated approach using a causal
tree, heterogeneous effects are observable in our dataset. This
work is, to our knowledge, among the first to apply causal
trees in an education context and thus acts as a pilot study to
observe the efficacy of such an application.

In addition to the exploration of these effects, we introduce
the application of a very simple statistical test to validate the
splitting criterion of the causal tree. The B-D test validates
that there is heterogeneity between leafs in terms of the effects
of treatment as measured by the odds ratio.

In light of these findings, it becomes apparent that current
instructional approaches could greatly benefit from the incor-
poration of such information. This is particularly the case in
computer-based systems that often collect breadths of student
information, the potential of which is perhaps not yet fully
realized.
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