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ABSTRACT

As more educators integrate their curricula with online learn-
ing, it is easier to crowdsource content from them. Crowd-
sourced tutoring has been proven to reliably increase students’
next problem correctness. In this work, we confirmed the find-
ings of a previous study in this area, with stronger confidence
margins than previously, and revealed that only a portion of
crowdsourced content creators had a reliable benefit to stu-
dents. Furthermore, this work provides a method to rank
content creators relative to each other, which was used to de-
termine which content creators were most effective overall,
and which content creators were most effective for specific
groups of students. When exploring data from TeacherAS-
SIST, a feature within the ASSISTments learning platform that
crowdsources tutoring from teachers, we found that while over-
all this program provides a benefit to students, some teachers
created more effective content than others. Despite this find-
ing, we did not find evidence that the effectiveness of content
reliably varied by student knowledge-level, suggesting that the
content is unlikely suitable for personalizing instruction based
on student knowledge alone. These findings are promising
for the future of crowdsourced tutoring as they help provide
a foundation for assessing the quality of crowdsourced con-
tent and investigating content for opportunities to personalize
students’ education.
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INTRODUCTION

The need for crowdsourcing within online learning platforms
is growing as the user base of these platforms continues to
expand and diversify [18, 7]. Crowdsourcing can be used effec-
tively to generate new teaching materials [22] and new tutoring
for students [18]. As more platforms integrate crowdsourcing,
methods to evaluate and maintain the quality of crowdsourced
materials need to be developed to ensure students receive a
high quality education and effective support.

In the 2017-2018 academic year, ASSISTments, an online
learning platform [10], deployed TeacherASSIST. TeacherAS-
SIST allowed teachers to create tutoring in the form of hints
and explanations for problems they assigned to their students.
TeacherASSIST then redistributed teachers’ tutoring to stu-
dents outside of the their class. At L@S 2020, ASSISTments
reported that teachers created about 40,000 new instances of
tutoring for about 26,000 different problems. Through two
large-scale randomized controlled experiments, it was deter-
mined that there was statistically significant improvement on
the next problem correctness of students who received crowd-
sourced tutoring. Since the publication of these findings, AS-
SISTments has scaled up the distribution of crowdsourced
content within the platform. The first part of this study uses
new data, collected from the 2019-2020 and 2020-2021 school
years to re-evaluate the findings of the original study and con-
firm that crowdsourced tutoring continues to benefit students
overall.

The second part of this study investigated if there was a sig-
nificant difference between the quality of different teachers’
tutoring. The methodology used in this paper could be used in
the future to determine which teacher’s content should have
priority when distributing tutoring to students in other classes.

Lastly, this study determined if there were any qualitative
interactions between the teachers who created tutoring and
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students grouped by their knowledge-level. Personalized learn-
ing requires qualitative interactions, defined as one group of
students benefiting more from one type of instruction, while a
different group of students benefited more from an alternative
type of instruction. The learning science community has spent
a considerable amount of time investigating the impact of per-
sonalized learning on students. While personalized tutoring
based on prior knowledge has shown some evidence of a quali-
tative interaction [20], other methods for personalization, such
as learning styles, have rarely shown conclusive evidence of a
qualitative interaction [17]. The method used in this study can
be used to search experimental data for qualitative interactions
without using a randomized controlled trial to directly evaluate
the presence of a particular qualitative interaction.

Specifically, this work seeks to address the following research
questions:

1. Do the findings of the previous TeacherASSIST study still
hold when tested on new data?

2. How did the effectiveness of teachers’ tutoring compare to
each other?

3. Was there any potential to personalize the tutoring students
received based on their knowledge-level?

BACKGROUND

The Value of Crowdsourcing

The growing popularity of online learning platforms has cre-
ated a greater opportunity and a greater need for educational
materials of all levels. With a greater diversity of students,
there arises the need to provide instruction to students of vary-
ing skill levels. Crowdsourcing can help diversify the available
tutoring and assist in personalizing lesson plans for students
[25, 3]. Crowdsourcing offers a mechanism to obtain the
breadth of educational content required to meet the grow-
ing demand of online tutoring, but poses some challenges as
well [25]. The biggest risk from using crowdsourced materi-
als is the potential for low quality, or misleading material to
negatively impact students [25]. Even if the information is
high-quality, overly detailed tutoring, or tutoring from highly
different sources can also have a negative impact of students’
learning [23, 13, 12]. Ways to mitigate these risks include
algorithmically evaluating the quality of crowdsourced con-
tent creators [21], or simply crowdsourcing content only from
people that have been deemed qualified [16, 4, 24, 5].

Even with these risks, crowdsourcing has been a viable method
for obtaining information on the knowledge components of
different math problems [15], assisting students learning com-
puter programming [2], and collecting videos explaining how
to solve mathematics problems [26, 27]. Most directly, in
the study preceding this work, tutoring messages created by
teachers, for students completing work in ASSISTments, had
an overall positive effect on students’ learning [18]. Although
crowdsourcing has shown promising results in many situations,
there is a need to continue to evaluate the methods through
which crowdsourced content is collected and validated so that
as more educational platforms begin to incorporate crowd-
sourcing, they can do so efficiently, effectively, and without
risk to students.

Problem ID: PRAB3W7 Comment on this problem

Billy asked 60 students in his math class to choose their
favorite food. The chart below shows the results.

Food Number of Students

Taces 10

Pizza 10

Hot Dogs 5

French Fries 35

With these results, Billy decided to make a circle graph.
For this circle graph, what should be the measure of the in
the Hot Dogs section?

1 m— -
submit Answer | Show hint 1 of 2 |

Figure 1. The ASSISTments tutor, as scene by a student solving a math-
ematics problem.

ASSISTments

The data used in this study comes from ASSISTments. AS-
SISTments' [11] is an online learning platform focused on
empowering teachers via automating laborious tasks such as
grading and record keeping of students, and providing insight
to teachers on their class’s common wrong answers and miss
conceptions on assignments [11]. ASSISTments provides K-
12 mathematics problems and assignments from multiple open
source curricula for teachers to choose from and assign to their
students. After an assignment has been assigned to students,
students complete the assignment in the ASSISTments tutor,
shown in Figure 1 [18]. In the tutor, students receive immedi-
ate feedback when they submit a response to a problem, which
informs them if they are correct [9]. For some problems, stu-
dents can request tutoring, which is available to them at any
point during their completion of the problem, regardless of
whether or not they have already attempted the problem. Tutor-
ing comes in the form of hints, explaining how to solve parts
of the problem, [11, 20], examples of how to solve similar
problems [8, 14], examples of incorrect responses to problems
with explanations of the error [14, 1], and full solutions to
problems [27, 26]. Two examples of tutoring in ASSISTments
are shown in 2 [18].

Recently ASSISTments began a program called TeacherAS-
SIST, in which tutoring was crowdsourced from teachers in
the form of written and video-recorded hints and explanations
for solving middle-school math problems. ASSISTments col-
lected tutoring created by teachers who had already used the
platform for their own classrooms, and then provided the
crowdsourced hints and explanations to students. Distribut-
ing these hints and explanations lead to a positive impact on
students’ learning [18]. In this study, the data released from
the TeacherASSIST study [19], new data from TeacherAS-
SIST collected since the publication of the previous study, and
information on students’ knowledge-level collected from the
ASSISTments platform were used to investigate if any content
creators’ tutoring significantly out-performed other content
creator’s tutoring, as well as determine if there were any quali-
tative interactions between content creators and students.

Uhttps://www.ASSISTments.org/
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Lastly, you need to multiply 0.2 by the number of degrees in a circle.

Comment on this hint

With these results, John decided to make a circle graph.
For this circle graph, what should be the measure of the in
the Tacos section?

Remember, 10 students out of 50 had Tacos as their favorite food.

As a fraction, we can represent this as 10

1

Now you need to convert il to a decimal

10+50=0.2

Lastly, you need to multiply 0.2 by the number of degrees in a circle.
0.2 x360 =72

Type in 72

Submit Answer |

Figure 2. Two instances of tutoring in ASSISTments. On the left is a series of hints. On the right is a full explanation of how to solve the problem.

METHODOLOGY

Confirming the Previous Study’s Findings

The same analysis performed in the original study [18] was
repeated using the exact same code from the previous study
made available by the Open Science Foundation [19]. New
data, collected since the completion of the previous study up
until February 2, 2021, was used to determine if the previously
reported positive impact of TeacherASSIST was still present
in a new academic year. The new dataset contained 6,774
unique problems, 7,059 unique tutoring messages, 18,420
unique students, and 500,900 answered problems. 50,426 of
the answered problems were answered by students in the con-
trol condition, where they were not given the option to request
tutoring, and 450,474 of the problems were answered by stu-
dents in the intent-to-treat condition, in which they had the
option to, but did not necessarily request tutoring. A majority
of students were placed in the treatment condition because the
previous study found the treatment condition to have a reliable
positive effect, and ASSISTments did not want to prevent half
the students from receiving beneficial crowdsourced tutoring.
Of all the students in the new dataset, only 7.92% of them
appeared in the initial study’s data as well.

In order to gain more insight into how reliable the findings
of the initial study were, a problem-level and student-level
intent-to-treat analysis, in which the students were considered
to be in the treatment condition if they were given the option
to receive crowdsourced tutoring, regardless of whether or
not they received it, and a treated analysis, where a student
was considered to be in the treatment condition only if they
received crowdsourced tutoring, were performed. For all of
these analyses, which were all performed in the initial study,

the Benjamini-Hochberg procedure was used to control the
false discovery rate [6].

Measuring the Effectiveness of Teachers

To determine the effectiveness of each teacher, the data from
the previous study and this study were combined and filtered
such that only the instances where a student received no tu-
toring, or crowdsourced tutoring for the first time, and then
immediately answered another problem remained. This step
was necessary to remove compounding and extended exposure
effects that would occur if students’ next problem correctness
was used to evaluate the quality of teacher’s tutoring after stu-
dents had seen tutoring from multiple teachers. Furthermore,
any teachers whose tutoring was only seen by fewer than 30
students was excluded, as there was insufficient data to mea-
sure the effectiveness of these teachers. After data processing,
31,616 instances of a student getting one of 1,026 problems
wrong, receiving tutoring from one of 11 different teachers,
and then answering one of 1,308 different problems were used
in the following analysis.

The filtered data was used to fit a regression which predicted
next problem correctness based on the student, the problem
the student got wrong, the teacher who wrote the tutoring that
the student saw upon getting the problem wrong, and the next
problem used to evaluate the quality of the tutoring. In addition
to accounting for compounding and extended exposure effects,
the students, and the problems they completed, were abstracted
into sets of representative features. The features for students
are shown in Table 1, and the features for problems are shown
in Table 2. These features were used in the model instead
of unique identifiers for each student and problem for two
reasons. Primarily, using features to represent students and



Student Features

Total number of problems answered

Mean correctness on all completed problems

Mean time until first response on all completed problems
Mean time on task per problem

Mean number of attempts per problem

Table 1. Features used to abstract students while measuring the effec-
tiveness of teacher’s tutoring.

Problem Features

Type of problem, e.g., multiple choice, algebraic response

Mean correctness of all answers submitted for the problem

Mean time until first response for all students that answered the problem
Mean time on task of all answers submitted for the problem

Mean number of attempts of all answers submitted for the problem

Table 2. Features used to abstract problems while measuring the effec-
tiveness of teacher’s tutoring.

problems makes it easier to generalize this procedure to other
data from different educational platforms. Secondly, given the
large number of unique students and problems, a model trained
to predict next problem correctness would likely over-fit and
obtain very high accuracy by recognizing unique combinations
of students and problems, rather than estimating correctness
based on the teacher who created the tutoring given to the
student, as intended.

Unlike the students and problems, teachers were not abstracted
into representative features, as the goal of this process was to
evaluate the effectiveness of the individual teachers, not the
effectiveness of the different qualities of teachers. Teacher’s
unique identifiers were one-hot encoded for use in the model.
In cases from the control condition, where students did not
receive tutoring, all of the one-hot encoded teacher covariates
equaled zero. By structuring the model’s inputs this way, the
coefficient of each teacher covariate measured how much more
or less likely a student was to get the next problem correct
after receiving tutoring from the corresponding teacher, and
the probability of the null hypothesis for the covariate was
the probability that receiving tutoring from the correspond-
ing teacher was not better than receiving no tutoring at all.
The probability of the null hypothesis was adjusted using the
Benjamini-Hochberg procedure for controlling the false dis-
covery rate [6] because each determination of the effectiveness
of a teacher’s tutoring was treated as a separate hypothesis.
This model was used to determine which teachers’ tutoring
was statistically significantly better for students than receiving
no tutoring.

Comparing the Effectiveness of Different Teachers

In addition to using the model from the previous section to
evaluate the overall effectiveness of each teacher’s tutoring,
the model can also be used to compare teachers to each other.
Comparing the coefficient of each teacher to determine which
teacher’s tutoring has a larger treatment effect is, alone, not
enough to confirm that one teacher’s tutoring is truly more
effective that another teacher’s tutoring, as the standard de-
viation of the difference between the teachers’ effectiveness

could be so large that the difference between the teachers’
coefficients is statistically insignificant. However, using the
variance-covariance matrix, the standard deviation of the dif-
ference between two teachers’ coefficients can be calculated
using Equation 1, where var(T;) is the variance of teacher x’s
coefficient, var(Ty) is the variance of teacher y’s coefficient,
cov(T, Ty) is the covariance of teacher x’s and y’s coefficient
from the variance-covariance matrix, and § is the standard
deviation of the difference between teacher x’s and y’s coef-
ficients. Then, if the difference in coefficients falls outside
the 95% confidence interval, calculated using 8, it can be
concluded that the teacher with a higher model coefficient
created more effective tutoring than the teacher with a lower
coefficient. This technique was used to create a map of teacher
effectiveness, which could be used in the future to determine
which teacher’s tutoring should be given to struggling students.

6= \/var(Y})—i-var(Ty) —cov(T, Ty) (1)

Measuring the Potential for Personalized Tutoring

The method described previously for comparing the effective-
ness of different teacher’s tutoring was also used to explore the
data for opportunities for personalized tutoring. Personalizing
the tutoring different groups of students receive based on the
teacher that created the tutoring would only be justifiable, in
this context, if three criteria are met:

1. One teacher’s tutoring is more effective than another
teacher’s tutoring for one group of students. This can be
determined using the method described in Section 3.3, using
a model trained on only data from the students in the group.

2. The other teacher’s tutoring is more effective for a separate

group of students. This can also be determined using the
method described in Section 3.3, using a model trained on
only data from the other group of students.

3. Each teachers’ tutoring is more effective than the control

condition of receiving no tutoring for students in the group
that benefits the most from the corresponding teacher. This
can be determined using the method described in Section
3.2 on the data from only students in one group.

These criteria qualify the core assumption of personalized ed-
ucation, which is that in order for all students to attain the
highest level of achievement they are capable of, different
groups of students need to be provided with different content.
If the above criteria are met, then in the future, personalizing
student’s educational content based on which teacher created
the content would be justified. Otherwise, it would be more
beneficial to give all students educational content from the
teacher whose content led to the highest improvement in next
problem correctness compared to the control condition. This
work explored personalizing which teacher’s tutoring a stu-
dent received based on the knowledge-level of the student,
determined by the students’ average correctness.



Dependent Control Experiment

Measure Mean Mean t-Stat  p-Value
Correct First Try 0.65 0.66 -1.66 0.10
Requested Tutoring 0.20 0.19 2.61 0.01
Stop Out 0.01 0.01 1.08 0.28
Attempt Count 1.54 1.54 -0.74 0.46

Table 3. Problem-level paired 7-test intention-to-treat analysis on student
next-problem dependent variables. The number of unique problems =
5079.

Dependent Control Experiment

Measure Mean Mean t-Stat  p-Value
Correct First Try 0.63 0.64 -2.43 0.02
Requested Tutoring 0.20 0.20 3.22 <0.01
Stop Out 0.01 0.01 -0.26 0.79
Attempt Count 1.59 1.59 0.52 0.60

Table 4. Student-level paired 7-test intention-to-treat analysis on student
next problem dependent variables. The number of unique students =
10340.

RESULTS

The Effectiveness of Crowdsourcing

The results of this replication of the previous study showed the
same positive findings as the previous study, but with better
confidence. Specifically, students who received TeacherAS-
SIST tutoring were more likely to be able to solve the next
problem correctly on their first try than students in the con-
trol condition. When students who received tutoring did not
succeed on their first attempt, they were not more likely to
give up or submit many more wrong answers, and they were
more likely to be able to eventually solve the problem without
requesting more tutoring. With this new, larger dataset, the
effect on the treated is large enough to be detected with signif-
icance in the intention-to-treat analysis. Tables 3 and 4 show
the results of the problem-level and student-level intention-to-
treat analysis respectively, and tables 5 and 6 show the results
of the problem-level and student-level treated analysis respec-
tively. Correct first try measures the difference in next problem
correctness, requested tutoring measures the difference in how
much tutoring students’ requested on the next problem after
receiving tutoring from TeacherASSIST, Stop Out measures
the difference in students’ completion of the next problem,
and Attempt Count measures the difference in how many at-
tempts students’ took to answer the next problem following
the tutoring they received from TeacherASSIST. The bold p-
values are the significant values after correcting for multiple
hypothesis testing with the Benjamini-Hochberg procedure
[6]. These findings confirm the previous study’s conclusion
that TeacherASSIST has an overall positive effect on students’
learning.

Measuring the Effectiveness of Teachers

Using the method described in Section 3.2. The next problem
correctness of students after receiving a teacher’s tutoring was
compared to receiving no tutoring. A coefficient measuring
the impact of each teacher’s tutoring on students’ next prob-
lem correctness, a p-value denoting the probability that this
coefficient is statistically equivalent to a null treatment effect,

Dependent Control Experiment

Measure Mean Mean t-Stat  p-Value
Correct First Try 0.33 0.35 -3.09 <0.01
Requested Tutoring 0.55 0.51 5.10 <0.01
Stop Out 0.02 0.02 -0.49 0.62
Attempt Count 1.85 1.86 -0.23 0.82

Table 5. Problem-level paired 7-test treated analysis on student next
problem dependent variables. The number of unique problems = 2524.

Dependent Control Experiment

Measure Mean Mean t-Stat  p-Value
Correct First Try 0.36 0.40 -4.27 <0.01
Requested Tutoring 0.51 0.46 5.70 <0.01
Stop Out 0.02 0.02 -0.94 0.35
Attempt Count 1.93 1.86 2.54 0.01

Table 6. Student-level paired ¢-test treated analysis on student next prob-
lem dependent variables. The number of unique students = 3547.

and the total number of students who viewed the tutoring from
each teacher were calculated and are shown in Table 7. If a
teacher’s row is bold, this indicates that their tutoring had a
statistically significant impact on next problem correctness
after adjusting for multiple hypothesis testing.

Interestingly, even though receiving crowdsourced tutoring
had an overall positive effect on students’ next problem correct-
ness, only four of the 11 teachers’ tutoring had a statistically
significant positive effect. Additionally, one teacher’s tutoring
had a statistically significantly negative impact on student’s
next problem correctness. This demonstrates a potential bene-
fit to evaluating the quality of each content creator’s tutoring
as it is not necessarily the case that when crowdsourced con-
tent is overall beneficial, each content creator by themselves
is providing a benefit. In the future of TeacherASSIST, and
in other crowdsourcing endeavors, only distributing content
from teachers whose tutoring has a reliable positive effect, and
tutoring from teachers whose tutoring is still of ambiguous
benefit, would likely lead to higher next problem correctness
for students.

Teacher ID  View Count Coefficient p-Value

No Tutoring 2,289
A 95 0.0629 0.112
B 222 -0.0724 0.044
C 11,202 0.0147 0.118
D 5,340 0.0301 0.005
E 76 0.0573 0.189
F 3,671 0.0449 < 0.001
G 5,763 0.0271 0.008
H 911 0.0396 0.007
1 1,452 -0.0184 0.197
J 544 0.0046 0.819
K 51 -0.0061 0.914

Table 7. The impact, statistical significance, and view count of each
teacher’s tutoring on students’ next problem correctness.



This evaluation of teachers’ effectiveness could also be used
as professional development for the teachers themselves. If
a teacher’s tutoring is not leading to a statistically significant
increase in students’ next problem correctness, the crowd-
sourcing platform could alert these teachers that their tutoring
could use improvement and provide them with examples of
other teacher’s tutoring that had been shown to be effective.
Then, after the teacher updates their tutoring, the platform
could re-evaluate their effectiveness and report back to the
teacher. This interaction with teachers could also encourage
teachers that are creating highly effective tutoring to create
more tutoring by reporting how many students have received
their tutoring, and to what extent their tutoring has helped
students beyond their classroom.

Comparing the Effectiveness of Different Teachers

Using the method described in Section 3.3, the effectiveness of
each teacher’s tutoring was compared to every other teacher’s
tutoring. Figure 3 Shows the instances, in green, when the tu-
toring from the teacher labeled on the row, was more effective
than the tutoring from the teacher labeled on the column. A
grey cell indicates that the row teacher did not create more
effective tutoring than the column teacher. For clarity, the
teachers were sorted by how many other teachers their tutor-
ing was more effective than. If all the teachers could be put in
order from most to least effective tutoring, then Figure 3 would
have entirely green cells above the diagonal. However, this is
clearly not the case. Due to the variance in the effectiveness of
teachers’ tutoring, no teacher’s tutoring is significantly better
or worse than every other teachers’ tutoring.

Figure 3 shows some clear examples of teachers whose tutor-
ing is more effective than some of the other teachers’ tutoring,
for example, teacher F, and teachers whose tutoring is less ef-
fective than most other teachers’ tutoring, for example, teacher
B. Figure 3 also shows examples of teacher’s whose variance
in the effectiveness of their tutoring is very high, for example,
teacher K. This high variance results in no teacher significantly
outperforming teacher K’s tutoring, and teacher K’s tutoring
not significantly outperforming any other teacher’s tutoring.
Teacher K demonstrates the need to take into account the vari-
ance of the difference between teachers’ effectiveness. One
cannot assert that one teacher’s tutoring is more effective than
another teacher’s tutoring using the model coefficients alone.

Comparing teacher’s tutoring can be used to choose between
potential tutoring for students when more than one option is
available, but care must be taken, if implementing this at scale,
to not ignore tutoring from content creators with high variance
in the effectiveness of their tutoring. It could be that these con-
tent creators are new to the platform, and have either created
only a few instances of tutoring, or their tutoring has not had a
lot of exposure yet. Content creators with high variance should
be given the benefit of the doubt, and only when a teacher’s tu-
toring is statistically significantly better than another teacher’s
tutoring should the more effective tutoring be chosen for the
student. When using this model to select which tutoring to
give the student, the student’s next problem correctness should
not be included in any statistical analysis that relies on random
sampling.

A Comparison of Each Teacher to Every Other Teacher

F -

A -

More Effective Teacher ID
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Less Effective Teacher ID

Figure 3. A map comparing the effectiveness of different teachers’ tutor-
ing.

Teacher’s could also benefit from a platform that compares
their effectiveness to other teachers. For professional develop-
ment, teachers could be paired with a mentor and mentee. The
mentor would be a teacher with statistically better tutoring
than them, and the mentee would be a teacher with statistically
worse tutoring than them. This would give teachers the oppor-
tunity to learn and teach others, and garner community support
for the platform. Top performers could be rewarded with no-
toriety within the platform, and encouraged to continue to
make content. Considering how heavily crowdsourcing relies
on user engagement, working the analysis of teachers’ effec-
tiveness into different methods of engaging existing users and
drawing in new users is an important step in the crowdsourcing
process.

Measuring the Potential for Personalized Tutoring

Lastly, using the method described in Section 3.4, it was in-
vestigated if personalizing which teacher’s tutoring students
received based on students’ knowledge-levels would likely
have had a positive impact on students’ next problem correct-
ness. To group students by knowledge-level, the data was split
into two datasets, The high-knowledge student data contained
18,139 instances of students whose average correctness was
above average and the low-knowledge student data contained
13,475 instances of students whose average correctness was
below average. To determine which teachers met Criteria 1
and 2 from Section 3.4: one teacher’s tutoring is more effective
than another teacher’s tutoring for one group of students, and,
the other teacher’s tutoring is more effective for a separate
group of students, the same method used in Section 3.3 was
used on each group of students. The results of these compar-
isons are shown in Figure 4. Figure 4 shows that there is no
evidence to support the claim that personalizing the tutoring
students received would have led to an increase in next prob-
lem correctness. While some teachers, like teacher E, were
very effective for low-knowledge students, and some teacher,



like teacher B, were particularly ineffective for high knowl-
edge students, there were no teachers that met Criteria 2 and
3, in other words, the same teacher’s tutoring was likely to
have the highest positive impact on all students’ next problem
correctness regardless of the student’s knowledge-level.

This rigorous process used to determine if there is truly a ben-
efit to personalized tutoring could be used for more than just
determining if student’s tutoring can be personalized based on
their knowledge-level and who created the tutoring. This pro-
cess could be used on a per-problem basis. For each problem,
an analysis could be performed to evaluate which of the avail-
able crowdsourced tutoring messages would be most likely to
positively impact students’ next problem correctness based on
traits of the students. Doing this analysis on a per-problem ba-
sis would require much more data, but as platforms expand and
curricula increase their integration with online learning, this
may become a viable option. Additionally, if socioeconomic
and demographic information on students is available, then
this process could be used to personalize tutoring for students
based on their gender or race. It is particularly important to
pay attention to how personalization effects minority students.
If the effectiveness of whatever intervention being deployed
is being measured by how it effects all students on average,
then in the same way that this study found that crowdsourced
tutoring was overall beneficial, but some teacher’s tutoring
had a negative impact on next problem correctness, an inter-
vention may be beneficial overall, but also be detrimental to
minority students. Being aware of how each group of students
is effected by an intervention will allow researchers to main-
tain fair interventions that help all students achieve their full
potential.

LIMITATIONS AND FUTURE WORK

Although the results of this study are promising, there are lim-
itations to this work. In order to compare teachers’ tutoring,
students and problems had to be represented with features.
While these features adequately modeled students and prob-
lems well enough to account for the variations in problem
difficulty and student performance, these features are not nec-
essarily the best features to use. The features used in our
models could only predict next problem correctness with an
ROC AUC of 0.71. It is unlikely that the features we had
available captured 100% of the variance in problems and stu-
dents, and therefore including more, or different features for
problems and students could increase the reliability in the
measurements of the effectiveness of teacher’s tutoring by
increasing the model’s accuracy.

In addition to potential improvements to the student and prob-
lem features, features for teachers could also be used to group
teachers similar to how students were grouped in Section
4.4. Features of teachers could be used to investigate if cer-
tain groups of teachers tend to outperform other groups and
could be used for personalization similarly to how individual
teachers were compared in this work. Additionally, if certain
features were indicative of a teacher’s ability to create par-
ticularly effective tutoring, this information could be used to
advise teachers and other content creators.

In this work, statistical analysis was used to determine which
teachers’ tutoring was most effective. While this method could
be used to select which tutoring to provide to students based
on which teacher is overall most effective, an online learning
platform could also use reinforcement learning to select which
of multiple instances of tutoring to provide to a student based
on the same features of problems and students used in this
work. Contextual bandit algorithms [28] use context, which
in this case are features of students and problems, to take
one of multiple actions, which in this case are the actions
of providing one of many different instances of tutoring to
a student. Then they receive a reward, which in this case
would be the student’s next problem correctness, and adjust
their decision making process to take the action that is most
likely to lead to the highest reward. While using a contextual
bandit algorithm prevents one from doing the same kind of
experimental analysis performed in this work, it provides a
method to algorithmically determine and offer the best tutoring
available to students.

Although no conclusive evidence of qualitative interactions
between teachers’ tutoring and students knowledge were found
in this work, the potential for personalized learning should
continue to be explored. More specific or alternative student
features could be created evaluated for qualitative interactions
the same way that knowledge-level was used in this work. It
is possible that even within the dataset used in this work, there
are qualitative interactions between groups of students that
were not able to be considered. For example, this work had no
knowledge of students’ state test scores, home environments,
demographic information, or socioeconomic status. All of
these factors could influence what tutoring is most effective
for each student and reveal the opportunity to personalize
students’ education.

CONCLUSION

In this follow up study, providing tutoring through TeacherAS-
SIST continued to reliably increase students’ next problem
correctness, an indication that crowdsourced tutoring within
the ASSISTments platform has a positive impact on students’
learning. Due to many schools’ recent transition to partially or
fully remote learning, more data was available this year than
in previous years, which allowed this study to find a reliably
positive effect on students’ learning even in an intent-to-treat
analysis, where not every student chose to view the tutoring
available to them. Furthermore, when investigating the im-
pact of each teacher’s tutoring separately, only four of the 11
teachers had a reliably positive impact on students, and one
teachers’ tutoring had a reliably negative impact. This finding
could be used in the future to select which teacher’s tutoring
to provide to students based on how reliable a teachers’ tutor-
ing has been in the past. As online tutoring platforms grow
and continue to incorporate crowdsourcing techniques, it will
be important to include metrics for evaluating the quality of
crowdsourced materials and the means to algorithmically se-
lect the most effective content. As the corpus of crowdsourced
tutoring grows, the most effective content can also be explored
for similarities to each other. Empirically evaluating what
makes tutoring effective has the potential to improve current
methods for creating tutoring, and enhance existing pedagogy.



A Comparison of Each Teacher to Every
Other Teacher for High-Knowledge Students

More Effective Teacher ID
T
1

F A C D G H E K ] | B
Less Effective Teacher ID

Figure 4. A map comparing the effectiveness of different teachers’

Although no evidence of the benefit of personalized education
was found in this study, there is still the potential for other
qualities of tutoring and the students that receive the tutoring

to have an impact on what kind of tutoring is most effective.

Future work can explore for more opportunities to personalize
students’ education using the same method in this study, or
look to contextual bandit algorithms to find opportunities for
personalization. Through continued efforts, crowdsourcing
has the potential to advance pedagogy and provide students
with a more equitable education.
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