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Abstract. Recognition of peer learning as a valuable supplement to for-
mal education has lead to a rich literature formalising peer learning as an
institutional resource. Facilitating peer learning support sessions alone
however, without providing guidance or context, risks being ineffective
in terms of any targeted, measurable effects on learning. Building on
an existing open-source, student-facing platform called RiPPLE, which
recommends peer study sessions based on the availability, competencies
and compatibility of learners, this paper aims to supplement these study
sessions by providing content from a repository of multiple-choice ques-
tions to facilitate topical discussion and aid productiveness. We exploit a
knowledge tracing algorithm alongside a simple Gaussian scoring model
to select questions that promote relevant learning and that reciprocally
meet the expectations of both learners. Primary results using synthetic
data indicate that the model works well at scale in terms of the number
of sessions and number of items recommended, and capably recommends
from a large repository the content that best approximates a proposed
difficulty gradient.

Keywords: Reciprocal Recommender, Peer Learning, Peer Support,
RecSysTEL

1 Introduction

The use of peers in teaching, mentoring or other learning support roles has long
been recognised as a valuable addition to the learning environment and has
developed from early beginnings in understaffed village schools [8] to the devel-
opment of formalised, systematic guidelines [24]. The proposed academic and
social benefit to students’ engagement in formal or informal peer support forms
the basis of a rich body of literature in education and psychology, grounded in a
fundamental acknowledgement of the importance of peers in successful learning
and positive university experience. Learners who engage in peer learning and
peer support not only contribute to the existing community, but can create en-
tirely new communities of practice [3]. These communities can be supplemented
with fit-for-purpose technology to increase the frequency of interaction and com-
munication between students and create an awareness of a community for them
to ”belong” to and draw upon as a resource over the course of their studies [6].

However, peer interactions are often topically disconnected from academic
objectives and even with the intent to provide academic support [17], simply



encouraging connectedness in learning environments risks being ineffective in
terms of any targeted, measurable effects on learning. As part a comprehensive
evaluation of students’ experiences with Peer Assisted Study Sessions (PASS),
[16] surveyed participating students over their satisfaction and the program’s
effectiveness. In an open-ended question of students’ suggestions for improving
the PASS program, 36% of usable responses related to the focus of the sessions.
More specifically, approximately half of this group wanted questions and exam-
ples reflecting those in exams and assignments. The other half were concerned
specifically with a standard of preparation in PASS sessions, such as an organised
outline for each session, commenting that some facilitators were poorly organ-
ised. Among the quoted examples of feedback in [16] was ”More structure, follow
some kind of plan would be helpful” p11. Other feedback included a desire for
notes/handouts for the session and even some feedback that tutors were not able
to answer specific questions about the content. These results demonstrate that it
is not enough to simply arrange study sessions with peers without any guidance
or support, which is the problem being addressed in this paper.

RiPPLE (Recommendation in Personalised Peer Learning Environments) [12]
is an open-source, adaptive, crowdsourced, web-based, student-facing learning
platform that provides personalised content and peer learning support tailored
to the needs of each individual at scale. RiPPLE has two main features: (1)
recommendation of formative exercises based on the knowledge state of each
learner, as described in [13]; and recommendation of peer learning study ses-
sions based on the availability, learning preferences and needs of each learner,
as described in [23]. In this paper, we extend the functionality of RiPPLE to
use the knowledge state of users to recommend content for the scheduled study
sessions such that it reciprocally meets the expectations of both learners.

In preparation for trialling RiPPLE in four large face-to-face courses, an ini-
tial set of experiments were conducted. The evaluation concentrates on the fea-
sibility of the recommender by evaluating the impacts of the size of the question
repository and model parameter settings. Synthetic data sets were created for
this purpose. Primary results indicate that the system can recommend content
for study sessions that reciprocally meets the expectations of both learners.

2 Background

The area of reciprocal content recommendation is closely related to two research
areas: (1) knowledge tracing, which is briefly covered in Section 2.1; and two
subfields tied to recommender systems, namely, recommender systems in tech-
nology enhanced learning (RecSysTEL) and reciprocal recommender systems,
which are briefly covered in Section 2.2.

2.1 Knowledge Tracing

Heavily studied within the intelligent tutoring community [4], knowledge tracing
is the task of modeling the knowledge state of students so that their future



performance on learning activities can accurately be predicted [5]. The Bayesian
Knowledge tracing (BKT) algorithm [5] is one of the most prominent methods
used for knowledge tracing, using Hidden Markov Models to capture the student
knowledge states as a set of binary variables representing whether or not a
concept has been mastered.

BKT has received significant attention and improvement since it was first
proposed. [1] introduced parameters for slipping (where a student has the re-
quired skill but mistakenly provides the wrong answer) and guessing (where a
student provides the right answer despite not having the required skill for solv-
ing the problem). Later, [18] effectively extended BKT to capture item difficulty
which led to improved prediction accuracy. More recently, [29] introducing a
new set of parameters capturing prior knowledge of individual learners further
improved BKT.

Other algorithms with comparable or superior predictive power to BKT have
also been proposed for predicting student performance, such as the Learning
Factors Analysis Framework [2] and the Performance Factor Analysis framework
[19]. [11] incorporated Item Response theory (IRT) into knowledge tracing, and
more recently, [20] and [25] used recurrent neural networks for deep knowledge
tracing.

Knowledge tracing algorithms are often used as a part of a intelligent tutoring
systems [4] or in adaptive learning environments [5] to provide content for an
individual learner. In the work presented in this paper, we use the algorithms
developed by [13] to provide reciprocal content meeting the expectations of two
learners attending the study session.

2.2 RecSysTEL and Reciprocal Recommender Systems

Recommender systems for technology enhanced learning is an active and rapidly
evolving research field. In the educational setting, much of the primary research
on recommender systems is directed at the recommendation of relevant content
and resources for learning, such as context-aware recommendations on learn-
ing objects[14], resources within e-learning environments to expand or reinforce
knowledge [15], and appropriate exercises based on students’ performance pre-
dictions [26]. More broadly, researchers with a focus on intelligent tutoring sys-
tems and adaptive learning environments have been using knowledge tracing
algorithms for recommendation of content to learners.

Reciprocal recommender systems have widely applied to online dating [21],
job matching [10], and social networking [9]. Indeed they comprise the popu-
lar approach to any problem involving a match between two or more entities,
tailored by the best consideration of the specific needs and constraints of the
immediate environment. Fundamentally they seek solutions such as a list of rec-
ommendations that fulfill users’ preferences and expectations to a higher degree
than competing items. In reciprocal recommendation, the preferences of two or
more users must be satisfied concurrently. That is, a recommendation is made
on the extent to which the preferences of one user are compatible with those of



Fig. 1: User preferences in RiPPLE.

another, inducing a higher level of complexity than other recommender systems
[22].

Previous work by [23] developed a reciprocal recommender in RiPPLE that
allows students to find peers and establish study sessions for the purposes of
providing or receiving topical peer support and find study partners. Peers were
matched on the basis of coursework competencies and compatibility of prefer-
ences, such as weekly availability, and received a short list of recommendations
with invitations to connect with recommended peers through the platform (Fig-
ure 1). The current paper paper aims to supplement these study sessions by
providing content in the form of multiple choice questions (MCQ) from the RiP-
PLE repository to facilitate communication between peers and productivity in
the study sessions.

3 Formal Notation and Problem Formulation

Let UN = {u1 . . . uN} denote the set of users that are enrolled in a course
in RiPPLE, where un and un′ refer to arbitrary users. Let QM = {q1 . . . qM}
denote the repository of the questions that are available to users in a course
in RiPPLE, where qm and qm′ refer to arbitrary questions. A two-dimensional
array AN×M keeps track of question answers, where anm = 1 indicates that user
un has answered question qm correctly, and anm = 0 indicates that user un has
answered question qm incorrectly.

Each course consists of a set of knowledge units ∆L = {δ1 . . . δL} referred to
as a knowledge space, where δl refers to an arbitrary knowledge unit. Questions
can be tagged with one or more knowledge units; ΩM×L is a two-dimensional
array, where ωml is 1 if question qm is tagged with δl and 0 otherwise. A two-
dimensional array ΛN×L is used for representing students’ knowledge states ap-
proximated by the system, where λnl represents the knowledge state of un on
δl. This information is used to produce a two-dimensional array ΦN×M , where
φnm shows the probability of user un answering question qm correctly. Values in
Φ are computed using algorithms introduced by Khosravi et al in [13].



Let’s further assume that students can hold different roles for participation
in peer learning sessions, where e1 is used to present providing peer learning
support, e2 for seeking peer learning support. Using algorithms introduced by
Potts et al. in [23], a list of study sessions is generated. Each study session is
in the form [un, un′ , δ] indicating that user un has received recommendation to
connect with user un′ on topics δ.

The aim of this paper is to use information from ΦN×M to extend the notion
of a study session to be of the form [un, un′ , δ, Q

′
k] indicating that a list of k

questions Q′k ∈ QM are to be covered during the session.

4 Reciprocal Content Recommendation

This section focuses on the problem of how best to algorithmically select a suit-
able set of multiple choice questions for a study session between two peers, that
match their role preferences (providing support or receiving support) and provide
learning opportunities in terms of subjective difficulty, from a large repository
of items. We proceeded within the framework of the following propositions:

1. A user receiving support, un, should work through a set of items of increas-
ing difficulty so as to initially orient the session and increasingly provide
opportunities for new learning; and

2. The user providing support, un′ , should be able to answer these same ques-
tions with a high probability of being correct. This should be true of all
items such that un′ can adequately assist in learning that un would be less
likely to accomplish without assistance.

With respect to proposition 1, a difficulty gradient d was computed based
on the nominated maximum probability that a user answers an item correctly
(pmax), the nominated minimum probability that a user answers an item cor-
rectly (pmin) and the number of items to be recommended for a session (k), as
input parameters for the characteristic linear slope function

d(pmin, pmax, k) =
pmin − pmax

k − 1
(1)

where d represents the increase in subjective item difficulty (with respect to φnm;
the probability of user un answering question qm correctly) for each sequential
item in the recommended set of k items.

Figure 2 illustrates the concept of the difficulty gradient in terms of the
zone of proximal development (ZPD) [28], a popular concept in learning and
education that refers to the range of tasks that a learner is capable of completing
if provided with guidance. The ZPD exists between those tasks that can be
done autonomously and those that are beyond the person’s current capability.
Proposition 1 aims to traverse outward with respect to the ZPD of the user
receiving support as shown in Figure 2a

It is important to note that the parameter values of pmin and pmax can be
system-set, applying to all users in seeking-support role. Recall that values in Φ



(a) Zone of proximal development (b) Difficulty gradients

Fig. 2: Difficulty gradients and relationship to the zone of proximal development

are inherently personalised to each user, reflecting the probability that a given
user answers the item correctly as computed by the algorithm from [13]. As
such, personalised item recommendations will result from system-set values of
pmin and pmax for all users without the need for users to specify these variably
as explicit preferences.

The slope function in equation 1 was used to create a one-dimensional array,
Dk = {d1, d2, ..., dk}, where elements di represent the difficulty of item i ∈
{1, 2, ..., k} across the set of k recommendations. Setting pmin < pmax ensures
items increase in subjective difficulty.

Under proposition 2, users in a providing support role should have pmin =
pmax and should be a high value. That is, for an item to be a suitable inclusion
for a study session in which a user is providing support, that user should be able
to answer the item correctly with a high probability. This should be true of all k
items. This feature aims to address the feedback in [27] that peer facilitators were
unable to answer some questions relating to the session content. Study material
for each session should take into account the known or inferred competencies of
each participant as a basis for selecting the study items to be included in the
session plan.

Then for a given difficulty gradient, a scoring function for multiple choice
items in the repository that preferences those that most closely align with the
gradient is required. That is, a function with maxima at each point dk in the
difficulty gradient with the fitness of any given item assessed by the function
height.

Tagged items in the repository were assessed for fitness for each point in D,
using a Gaussian function g,

g(φnm, di, σ, δl) =


0 δl = 0

e
−(φnm−di)

2

2σ2 δl = 1

(2)



such that items with subjective difficulties (φnm; the probability of the user
answering the item correctly) that more closely approximated the desired values
in D received higher scores than those that did not. Items that are not tagged
as belonging to the relevant topic (δl = 0) receive a score of zero.

The probability of an item being allocated to a less-than-optimal position
(i.e. relatively too hard or easy compared to di) in D is controlled by the value
of σ. Using known properties of the standard normal distribution (z-scores)

we calculated the value of σ using the function σ(d, z) =
(d− d2 )

z . For example,
to ensure that the probability of an item being sub-optimally allocated to a
position along D was less than .001, a value of z=3.1 would be required.1 For
users providing support, setting pmin = pmax results in a difficulty gradient of
zero. Consequently σ = 0 incurs an undefined result of g. The function g in
equation 2 therefore uses the same σ derived for the user receiving support. The
effects of σ on recommendations are detailed in the evaluation section.

Figure 2b illustrates the values in the array D for two users, where the user
providing support has pmin = pmax = 1, and the user receiving support has
pmax=1 and pmin=.1, resulting in d=-.225, giving D = {1, .775, .55, .325, .1}
and the set of Gaussian functions, centered on di, against which potential items
were scored for their suitability for recommendation as the ith item in the set.

The first panel in Figure 3 shows the function g for five items (k=5) in-
creasing in difficulty from pmax=1 to pmin=.1 Topically-tagged items in the
MCQ repository are evaluated for their suitability by the height of the relevant
function centered on the desired difficulty di. For the user providing support,
pmin = pmax = 1 resulting in all items being evaluated under the same g func-
tion with center pmin = pmax.

A three-dimensional array GU×Q×k is created in which gnmi shows the height
of the Gaussian function centered on di and evaluated at φnm for user un and
question m, given by equation 2. The degree of fit for each item can be computed
by the harmonic mean of the corresponding scores in G for un and un′ for each
item. Those items with the highest fit were selected for recommendation.
This is shown in the second panel of Figure 3. Note that the harmonic mean
gives preference to the score of the user receiving support. This was a design
decision that recommendations should be made with the user receiving learning
support as the priority.

A simple example is shown in Table 1 for k=3, pmin=.1, pmax=1, z=3.1 and
N=6. The function has selected the set of items [1, 5, 2] as suitable for the study
session (shown in bold). The user providing support has pmin = pmax = 1 for
all items, and the user receiving support has items increasing in difficulty along
gradient D = [1, .55, .1]. It is important to note again that the g scores reflect
the extent to which the item’s subjective difficulty (φ) for the individual user
matches the values along the gradient. With respect to making recommendations,
g scores (and their harmonic means) have ordinal, rather than cardinal, value.
The actual ability of a user is reflected only in φ.

1 Evaluated as the probability that a random score under a standard normal distri-
bution is greater than the midpoint between two sequential items, ( d

2
).



Fig. 3: Panel 1: Gaussian scoring functions along difficulty gradients with k=5,
pmin=.1, pmax=1, z=3.1 for the user receiving support (blue), and pmin =
pmax = 1 for the user providing support (red). Items with difficulties more
closely approximating the desired gradient receive higher scores than those that
do not. Panel 2: Example scoring of ten candidate items for k = 1. Item 1 is
recommended, having the highest harmonic mean of both users’ function scores
(cf. Table 1).

Table 1: Item scoring example

un Providing Support un′ Receiving Support Harmonic Mean

gnm gn′m harmonic mean
Item φ d1 = 1 d2 = 1 d3 = 1 φ d1 = 1 d2 = .55 d3 = .1 fit1 fit2 fit3

1 0.91 0.464 0.464 0.464 0.90 0.387 < 10−3 < 10−3 0.422 < 10−3 < 10−3

2 0.78 0.010 0.010 0.010 0.35 < 10−3 0.022 0.003 < 10−3 0.014 0.004
3 0.87 0.201 0.201 0.201 0.77 0.007 0.010 < 10−3 0.013 0.019 < 10−3

4 0.93 0.628 0.628 0.628 0.80 0.022 0.003 < 10−3 0.043 0.005 < 10−3

5 0.9 0.387 0.387 0.387 0.62 < 10−3 0.628 < 10−3 < 10−3 0.479 < 10−3

6 0.8 0.022 0.022 0.022 0.43 < 10−3 0.255 < 10−3 < 10−3 0.041 < 10−3

5 Algorithm

Pseudocode for the recommender is shown in Algorithm 1. It takes inputs of
the session (S; an agreed study partnership for two users) and for the function
parameters described in equations 1 and 2 generates a list (Q′) of k items from
the repository (Q) which are appended to the overall session recommendation
(S) in RiPPLE. For brevity, we have referred to the users as mentor and mentee
in the pseudocode to represent providing and receiving support, respectively, but
acknowledge these titles have different implications in the wider literature.

The function to find the highest reciprocal (harmonic mean) scores in line 16
searches the array for the maximum value and assigns the corresponding item to
its corresponding gradient position in the set. Both the selected item (array row)



and the position along the gradient (array column) are subsequently assigned as
empty sets, and the array is searched for the next maximum, and so on in a loop
until all positions in the set have been assigned a recommendation.

For example, in Table 1 the first item to be recommended in the loop was
item 5, having the highest score in the array, and it was allocated to its position
(second) in the set. Both row 5 and column 2 were then emptied, and the new
array consisting of only the remaining items and positions was searched, with
item 1 being recommended to its position (first) in the set. This ensures that
the recommendations are always the best available, without repeating items.

Algorithm 1: Recommending items

Input : S, ΦN×M , k, pmin, pmax, σ
1 GU×M×k = {};
2 dMentor = findOptimalDifLevels(pmax, pmax, k);
3 dMentee = findOptimalDifLevels(pmin, pmax, k);
4 foreach studySession ∈ S do
5 un = retrieveMentor(studySession);
6 u′n = retrieveMentee(studySession);
7 δ = retrieveTopics(studySession);
8 reciprocalScoreM×k = {};
9 for m← 0 to M do

10 for i← 0 to k do
11 Gnmi = g(φnm, dMentori, σ, δ);
12 Gn′mi = g(φn′m, dMenteei, σ, δ);
13 reciprocalScoremi = harmonicMean(Gnmi, Gn′mi);

14 end

15 end
16 Q′ ← findBestquestions(reciprocalScore);
17 S′.append([un, un′ , δ, Q

′]);

18 end
19 return S′;

6 Evaluation

6.1 Simulated data

User data were simulated for 20,000 users, with competencies (α) drawn from
a random normal distribution with mean µ = .65 and standard deviation sd
= .25. Users with competency greater or equal to .9 (µ + 1sd) were assigned
to providing support roles (N = 1, 565), and users with competency less than
or equal to .65 (µ) assigned to seeking support roles (N = 10, 017). Item data
were then simulated for 5000 questions (Q), with difficulties (β) between 0 and
1 drawn from a random uniform distribution.



Simulated user data for Φ were generated using the three parameter logistic
model from classical Item Response Theory outlined in [7] as φnm = c+ 1−c

1+eβ−α
,

where β represents the difficulty level of question m, α represents the compe-
tency level of user un and c representing the probability of randomly guessing
correctly (e.g. c=.25 for a four-choice question). We used a low value for ran-
dom guess probability c = .05 to better reflect the current context, which is to
encourage discussion and knowledge-building rather than simply selecting the
correct response, and to better simulate the users’ states of knowledge about the
question were they to be given no opportunity to guess from a list of answers
known to contain the correct response.

Simulated values of Φ typically ranged between ≈ .50 - .75 and ≈ .24-.67
for providing support and seeking support users, respectively. Recommender
parameters for all simulations were set to pmin = .1 and pmax = 1. Despite
these values being outside the range of simulated values in Φ, the recommender
functions were designed to capture the best fit from the available data, and
setting pmax = 1 ensures that where required (such as in item 1), the item most
likely to be correctly answered (highest φ value) is selected.

6.2 Scalability and Quality

Firstly, to assess the recommender’s ability to return the optimal items under
a range of values for σ, we used the simulated Φ data but planted ideal values
for the relevant difficulty gradient at known items. If the recommender worked
correctly, these items would be returned in the list of recommendations without
interference from other items. Using a random sample of 300 study sessions (pairs
of users) from the simulated data, and a high value of k = 50, it was found that
all planted values were reliably selected by the recommender without error. This
process was used to justify the theoretical correctness of the algorithm.

The quality of recommendations was conceptualised as the extent to which
the subjective difficulties (φnm) of recommended items reflects the optimal dif-
ficulties calculated by the difficulty gradient D. This was approached using rec-
ommendations for k = 5, 10, 20 and 50 using independent random samples (with
replacement) of 300 sessions from the simulated data set.

The Root-Mean-Square Error (RMSE) represents the standard deviation
of the differences between model data and observed data and is widely used as
a measure of accuracy. In each sampled partnership, the RMSE was calculated
between the values in D (model) and the actual φ values of the items that were
recommended (observed).

Spearman’s rank correlation coefficient (Spearman’s rho) is a measure
of the dependence between item rankings in two sets. It is the nonparametric
equivalent of Pearson’s correlation (r), ranging from 0 to 1 and is appropriate for
discrete ordinal variables. It was used in this evaluation, in conjunction with the
RMSE, to assess the extent to which the difficulty of recommended items aligned
with the model values in D. Specifically, for users receiving support Spearman’s
rho was used to check that recommended items were in ranked order of difficulty,
as would be expected given the difficulty gradient D.



Fig. 4: Mean Spearman’s correlation and Root-Mean-Square Error for n=300
samples with varying k and overlap between Gaussian functions.

The average correlation was moderate-to-high and varied with the setting
for z (controlling the overlap between sequential Gaussian functions). Recom-
mendations using large values of z (incurring less overlap) degraded with higher
values for k. Figure 4 shows the dependency between the amount of overlap and
the quality measures. Interestingly this was independent of the number of items
(Q) in the simulated data. The RMSE was both independent of the size of Q
and k, consistently ≈ .27. Simulations demonstrated that allowing an overlap
value of ≈ .4 (shown in bold lines) yielded the best recommendations, especially
for higher values of k where restricting the overlap severely degraded the ability
of recommendations to fit the difficulty gradient.

Running time was examined over a range of 5 to 50 items recommended
(k) and a range of 100 to 500 study partnerships, for 3000 repository items.
The algorithm runs in linear time for both dimensions as shown in Figure 5.
It is also linear in the number of repository items. In practice the number of
recommended items k should be small, approximately five per hour of study, to
encourage discussion and communication rather than having students complete
as many multiple choice items as quickly as possible.

Fig. 5: Run time for variable k and number of study sessions with repository of
3000 items



7 Conclusion and Future Work

The aim of this paper was to establish a method that can suitably recommend
study content in the form of multiple-choice questions from a large repository to
support peer learning study sessions. Items were recommended on the basis of
their subjective difficulty for each user, as derived through existing knowledge
tracing algorithms, such that a set of recommended items conformed concur-
rently to two propositions - that items should increase in difficulty for the user
who is receiving peer support, and that all items should be easily answered by the
user providing peer support. A simple Gaussian scoring model was applied and
using synthetic data containing known ideal values, it was demonstrated that
the recommender reliably finds the optimal items at scale for large numbers of
users, recommendations and repositories of items. For simulated data (without
ideal values), the root-mean-square error and Spearman’s rank correlation of the
recommended item difficulties and the proposed ideal difficulties were calculated
to evaluate the extent to which recommendations reflected the desired difficulty
gradient and correct ordering, respectively.

These statistics are naturally dependent on the availability of values in the
data set that closely approximate the model gradient, and it is a reasonable limi-
tation to expect in future testing with real students. Nonetheless, the moderate-
to-high positive values of Spearman’s coefficient demonstrates that the recom-
mended ordering of items in increasing difficulty is achievable, and that the
Gaussian model ensures the best items are chosen from those available. The rec-
ommender performs more consistently for smaller values of k, with the quality
dependent on the overlap settings for higher values of k. The quality is otherwise
unaffected by the size of the item repository or cohort of students.

The success of the recommender (as defined by the two propositions) in simu-
lated examples paves the way for the incorporation of feedback mechanisms from
real students who engage in peer learning through RiPPLE’s recommendations.
Students can complete the recommended MCQs online, allowing the platform to
collect session data which can then be used to monitor students’ progress. This
would, however, be a poor measurement of primary aim of stimulating discus-
sion, interaction and learning. Indeed this measurement problem is a common
limitation of many learning analytic tools that often collect only proxy indica-
tors at best. Collecting qualitative feedback from students for each recommended
session in the form of a well-designed and very brief survey component will be
valuable, both to the refinement of the recommender systems and to understand-
ing students’ engagement with, and effectiveness of, the course content. Properly
designed, recommender systems such as those used by RiPPLE and proposed in
this paper can be deployed as both learning resources and measurement tools
for further research.
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