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Abstract—This Research to Practice Full Paper presents a
proposed model to estimate the multiple skills of students in
massive online environments that provide programming exercises,
whose assessment methods occur automatically without human
intervention. The proposed model is based on the M-ERS model
and incorporates, from the TrueSkill model, the uncertainty
regarding the student’s skills. To validate the model, a database
from the URI Online Judge platform was used and the M-ERS
and TriMElo models were applied to compare the performance
and behavior of the two models. The empirical results show
that the proposed model updates student’s skills more smoothly,
according to the correctness or error of the exercise, according
to the uncertainty of the skills.

Index Terms—skill, model, TriMElo, M-ERS, TrueSkill

I. INTRODUCTION

There is an increasing number of massive educational
environments that offer programming exercises in which as-
sessment methods occur automatically without human inter-
vention. Many teachers and students have incorporated the use
of this platform as a didactic tool and as, in most cases, the
classes are heterogeneous, that is, there are people with differ-
ent skill levels, it is important that there is a precise method
for monitoring the construction of the student proficiency.

For students in the field of computing, there are mas-
sive environments that offer materials and exercises aimed
at learning programming, which includes a set of skills to
be developed, such as logical reasoning, abstraction, data
representation, among others; in addition to skills not directly
linked to computing, for example text interpretation [13],
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[21]. In massive environments for teaching programming, it
is common for automatic assessment systems to observe only
the final result of the student’s interaction with the learning
object, not identifying the individual interaction of the multiple
skills necessary to solve the problem. Thus, it is understood
the importance of assessing this type of problem so that it
is possible to identify precisely what skills need to be better
developed in students in order to offer them the materials and
exercises according to their skills.

Item Response Theory (IRT) [1], Elo Rating System (ERS)
[8], TrueSkill [9] and M-ERS [15], are some methods that
estimate student’s skills. IRT is a set of mathematical models
that seeks to represent the probability that an individual will
answer an item correctly, depending on the item’s parameters
and the student’s skill [1], [5]. The IRT presents compensatory
multidimensional models that contemplate cases in which
more than one skill is required for the student to correctly
answer an item and that low skills can be compensated for by
other higher skills [1], [5].

On the other hand, Elo, widely used for evaluation in
international chess rankings, aims to classify competitors
through their game histories, using a statistical classification
that calculates their skills, relating a player to another player.
In education, Elo establishes that a student is considered a
player and the problem is considered his opponent and, in
this way, updates the student’s skill and the difficulty of the
problems with each interaction between them [17], [19].

The TrueSkill [9] rating system is a model developed
by Microsoft to rate players. It is based on performance
expectations, extended from the Elo model to handle games
with multiple teams and players. The goal is to identify and



track the skills of players in a game in order to combine them
in competitive matches [11].

The M-ERS [15] model uses a compensatory IRT model
and the Elo model to estimate the multiple skills of students in
adaptive learning systems, assuming that an item may involve
more than one skill and that a low skill may be offset by a
higher one.

In massive environments where you only have access to
the final result of the interaction between the subject and
the object (right or wrong), the available models do not
present an adequate monitoring of the progress of the skills
individually, as happens in the human evaluation in which
the teacher evaluates the solution completes the problem and
is able to identify the mistakes and the lowest skills of the
students. The multidimensional models found in the literature,
by admitting only the homogeneous success or failure in
relation to the different skills used in the solution, end up
simplifying the evaluation so that, according to the result, all
the skills involved are updated in the same proportion.

It can be seen, therefore, that in the context of massive
online education, where the use of recommendation systems
becomes imperative, the adoption of techniques of represen-
tation and assessment of skills based on methods based on
expectation and performance may not be successful in the case
of objects of learning that involve multiple skills. The fact of
partially observing the subject’s interaction with the object in
relation to each required skill makes it difficult to analyze the
actual performance versus the one whose expectation predicted
the model. This difficulty entails an uncertainty that needs to
be addressed for the success of the model.

This article proposes a model, based on the M-ERS and
TrueSkill model, so that the skills are updated in different
ways, not only according to their importance (or relevance) in
the problem, but also taking into account the skills that were
decisive for the correct solution of the problem or contributed
to the error.

In the next section, the IRT, Elo, TrueSkill and M-ERS
models will be detailed. Following the proposed model,
TriMElo, will be presented. Then, the performance evaluation
of the model will be disseminated through experiments using a
database from an Online Judge do Brasil [3] platform. Finally,
conclusions and future work are presented.

II. THEORETICAL FRAMEWORK

A. Item Response Theory

Item Response Theory (IRT) is considered an important
resource in the quantitative educational assessment process. It
allows a more precise analysis of each item that makes up the
assessment instrument, taking into account the characteristics
of the items in the production of the skills [1], [6].

For the calculation of the θ skill estimate, IRT is based on
statistical methods and mathematical models that consider not
only the responses of individuals but also the properties of the
items [1], [6]. The greater the individual’s skill, the greater the
probability of a correct answer to the item [1].

There are several proposed IRT models, which depend on
several factors [1], [6]. For dichotomous items, there are
3 models that differ by the amount of parameters used to
describe the item. They are: 1-Parameter Logistic Model
or Rasch Model (considering only the item’s difficulty), 2-
Parameter Logistic Model (considering the item’s difficulty
and discrimination) and 3-Parameter Logistic Model (consider-
ing the difficulty, discrimination and the probability of success
at random) [1], [6].

These models consider that the test is a one-dimensional
instrument that implies the existence or predominance of only
one skill, which does not apply in many practical situations.
As an example, one can mention a math test that requires
text interpretation before it even requires mathematical devel-
opment, and in this case, it is a two-dimensional test, as it
requires two skills [14].

Research has shown that the Multidimensional Item Re-
sponse Theory (MIRT) model adapts better to real data than
unidimensional models, because in education, subject’s re-
sponses are determined by more than one skill at the same
time [16].

MIRT models can be separated into two classes: compen-
satory (1) [20] and non-compensatory. A model is said to be
compensatory when the probability of an item’s success is
maintained or increased even if one of the skills is low, which
is compensated by another higher skill [14].

P (ui = 1|θj) =
eaikθjk+di

1 + eaikθjk+di ′
(1)

where ui is the response to item i; aik is the item discrimina-
tion parameter i in the k dimension; θjk is the latent trait of
the person j in the k dimension and di is a scalar indicating
the item’s difficulty.

B. Elo Rating System

The Elo classification system was proposed to analyze and
classify the performance of chess players [8]. Through statisti-
cal methods, each player receives an initial rating of θi and, as
they participate in the games, this rating is updated according
to the results. When used in education, Elo establishes that a
student is considered a player and the problem is considered
his opponent [17]. The estimation takes place continuously,
as the classification update takes place at the end of each
resolution [17].

The Elo works according to the expectation and the result,
the expected probability that the player will win the game is
given by the logistic function in relation to the difference in
the estimated ratings (2) [17]:

P (Rij = 1) =
1

1 + 10
θj−θi
400

(2)

wherw R = {0,1} is the set of results of a game: 1 (win) and
0 (lose). Given a match between the player i and the player
j, with Elo θi and θj , respectively, at the end of the game
new Links are calculated according to the expectations of the



results, the previous Links and a constant k. The higher the
k, the greater the Elo change (3) [17]:

θi = θi + k(Rij − P (Rij = 1)) (3)

The use of the Elo classification system offers advantages,
such as simplicity of use in online environments and imple-
mentation in educational systems, in addition to presenting
a low number of parameters to adjust [17]. However, it is
intended to track only a single skill [15].

C. Multidimensional Elo
There is an adaptation of the Elo model to estimate the

multiple skills of students [Anonymous 2018]. The objective
is to provide means to combine learning objects and students in
a recommendation environment with programming problems,
considering that each student has some more developed skills
and others that need to be improved.

Elo’s original approach to education considers students and
learning objects to be a one-dimensional model, assuming that
the theme of the proposed challenges can be reduced to a skill
level. However, in the case of programming exercises, it is
assumed that they are composed of different levels of maturity
and skills. Thus, the multidimensional link assumes that the
relationship between the student and the learning objects
comprises a set of skills that can be relatively independent.
In this context, a learning object may require more advanced
levels in one skill and more basic levels in others, and may
not even require some skill. Likewise, a student has different
levels for each skill [18].

In the classic model, Elo is a scalar value for each student
and for each learning object. The extended model of the
Elo metric to make it multidimensional, considers that each
dimension is a skill or concept that the student must have for
himself at some level. Each student has his/her abilities as (4)
[18]:

−→
θs = (S1, S2, ..., SN ) (4)

onde Si is the Elo in the i skill. Each L learning object has
its requirement level represented by −→σ and by relevance −→ml,
where n is the number of learning objects. The set of learning
objects can be represented by (5):

L = {(−→σ1,−→m1), (−→σ2,−→m2), ..., (−→σn,−→mn)} (5)

Relevance m is a real number, between 0 and 1, which
indicates how important a skill is for interacting with a
learning object.

Considering the interaction of the student i with the learning
object j, the adaptation to the model is represented by (6). For
each s skill:

θis = θis +mjsk(Rij − P (Rij = 1))

σjs = σjs +mjsk(Rji − P (Rji = 1))
(6)

Each interaction is a tuple I = (S, L, R), where R ={0.1 },
with 1 indicating that the student got the problem right or 0
indicating that he got it wrong.

D. TrueSkill Classification System

Microsoft developed the TrueSkill rating system to rate
games with multiple teams and players. It is an extended Elo
model for the purpose of identifying and tracking the skills of
players to match them in competitive matches [11].

While in the Elo model the skill is determined by a single
value, TrueSkill assumes that the player’s skill follows a Gaus-
sian distribution N (µ, σ2), where the skill is characterized by
a normal curve in which the player’s average (µ) represents the
skill and the variance (σ) represents the uncertainty regarding
the skill. The lower the uncertainty, the greater the confidence
in the average value of the skill and, consequently, there is
greater accuracy in the measure of the skill [4], [11]. An
example of a TrueSkill skill is shown in Fig. 1, where the
green area represents the confidence of the model that the
player has a skill between 15 and 20.

Fig. 1. Example of the skill of the TrueSkill model.

In the case of competitions between two players without a
tie, The TrueSkill update procedure can be summarized in (7)
[10], [12].

µi = µi +
σ2
i

c
· v(

µi − µj
c

)

µj = µj −
σ2
j

c
· v(

µi − µj
c

)

σ2
i = σ2

i ·
[
1− σ2

i

c2
· w
(
µi − µj

c

)]

σ2
j = σ2

j ·

[
1−

σ2
j

c2
· w
(
µi − µj

c

)]

c2 = 2β2 + σ2
i + σ2

j

v(x) =
N (x)

Φ(x)

w(x) = v(x).[v(x) + x]

(7)



where i is the winner, j is the loser, µ is the mean of the
estimated, σ is the standard deviation of the estimated,N (x) is
the probability density of a standard normal distribution, Φ(x)
is the cumulative density of a standard normal distribution, and
β is the distance that guarantees 76 per cent chance of winning
[10].

The authors suggest values for initializing the parameters:
µ0 = 25; σ0 = µ0/3; β = σ0/2 [9].

E. M-ERS Model

The M-ERS [15] model, acronym for Multidimensional
Extension of the ERS, presents an approach that incorporates
the compensatory MIRT model to the Elo model, to track the
estimates of the skill parameters in adaptive learning systems.

Rather than assuming a one-dimensional trace of item
responses, the approach assumes that a single item can involve
more than one skill. Thus, the model allows a simultaneous
update of m different skills, estimating the probability of a
correct answer Pij through the compensatory MIRT (8) and
updating the skill parameters, with the model Link (9), after
each answer given to the item.

Pij = P (Yij = 1) =
e(

∑M
m=1 αjmθim−βj)

1 + e(
∑M
m=1 αjmθim−βj)′

(8)

where θim is the student’s m skill i textit (m = 1, .., M),
αjm is the breakdown of the corresponding j item à m skill
dimension and βj is the general difficulty level of the item j.

θ̂im(t) = θ̂im(t−1) +Dm(t)K{Yij(t) − Pij(t)}
β̂j(t) = β̂j(t−1) −Dm(t)K{Yij(t) − Pij(t)}

(9)

where Dm(t) is a weight to specify whether the skill m is
indicated by the item given in the t-th step. For the skill that
is indicated by the item, Dm(t) is equal to 1. For the skill that
is not indicated by the item, the weight takes values between
0 and 1. K decreases linearly, between 0.4 and 0.1, depending
on the total number of items answered.

Models that use the Elo classification system, decrease
student’s skills when there is a mistake (or defeat, in the case
of a game) and increase their skill’s when there is a correct
answer in the exercises (or the player’s victory).

III. TRIMELO MODEL

In this section, the TriMElo model is proposed, which aims
to simultaneously estimate the skills of students using massive
online environments. The motivation for the TriMElo proposal
arises from the perception that in the existing models that
estimate the multiple skills of students and that use the MIRT
and Elo models, they estimate the skills in a simplified way,
varying the values of the skills according to the importance of
the skills in the problems, without taking into account the same
skills in the students. That is, if the student misses a certain
problem that requires three skills, all of these skills will fall
in their values, in the same proportion as the importance of
these skills in the problem. Thus, if the student already has a

high skill in one of them, when he misses the problem, that
skill will have a relevant drop.

In massive problem-solving environments, where the plat-
form corrects and gives automatic feedback on errors or suc-
cesses, it is not possible to observe the individual interaction
of students with each skill required in objects, this problem is
even worse when considering that for each wrong submission
all the skills involved will be affected in order to lower their
values. Using as an example, a student who submits a problem
that requires high math and programming skills; and that
student’s skills are high in math and low in programming, with
each wrong submission both skills will be diminished. As his
programming skill is low, it is normal for several submissions
to occur until he is successful in the solution, in which case his
mathematical skill will also decrease on a large scale until it
can become very low, not consistent with the student’s reality.

Thus, in this proposal, we seek to model the existing
uncertainty in the importance of each skill in the performance
presented by the student in the interaction with the object. It is
proposed to identify elements in the teaching-learning process
that allow estimating, based on history, heuristics that will
constitute strategies for modeling this uncertainty. Different
strategies can be adopted. To date, the following tactic has
been stipulated: all the abilities of the students involved in the
problems are individually observed and the non-determining
skill is identified, the difference between the student’s skill and
that required by the problem is greater in relation to the others
and, based on this analysis, these skills are updated according
to the skill uncertainty factor estimated by the TrueSkill model.

To estimate the probability of a correct response from the
student i to the item j, the compensatory MIRT equation
similar to that used in the M-ERS model (10) is used:

Pij = P (Yij = 1) =
e(

∑M
m=1 αjm(θim−βj))

1 + e(
∑M
m=1 αjm(θim−βj))′

(10)

where αjm is the relevance of the m skill in the j problem,
θim is the m skill of the student i and βj is the difficulty of
the item j.

The parameters of the student’s general skill and difficulty
of the items are updated in the Elo model (11).

θ̂i(t) = θ̂i(t−1) + σjk{Yij − Pij}
β̂j(t) = β̂j(t−1) + σjk{Yji − Pji}

(11)

where σj is the breakdown of the j problem, estimated by the
IRT 2-parameter logistic model. k is a constant equal to 0.4
[22], which defines how much the estimate can be affected by
the difference between the current and the expected response.

In order to update each skill, it is necessary to identify the
determining skill, so that they are updated according to each
case:

• Determining Skill (12):

θ̂im(t) = θ̂im(t−1) + αjmk{Yij − Pij} (12)



• Non-determining Skill (13):

θ̂im(t) = θ̂im(t−1) + αjmΦ{Yij − Pij}

Φ = σ2 ·
[
1− σ2

c2
·
(
θim − αjm

Pij

)] (13)

As the k coefficient indicates the scale for updating the Elo
[8], [17] value, the basic principle of the TriMElo model is to
update non-determinant skills on a smaller scale by replacing
k with the coefficient Φ (13) which is variance (σ) of the
estimated skill according to the Trueskill model (7).

IV. MODEL VALIDATION

To validate the model, an experiment was carried out with
the database made available by URI Online Judge [3], which
has a repository of programming problems where users or
students submit their solutions in one of the programming
languages accepted by the platform and they receive automatic
feedback of success or error. Users choose the problems to be
solved and can submit several solutions for the same exercise.

The database consisted of 20.000 submissions, organized in
chronological order, of 99 problems performed by 195 users
of the URI platform. The available data were: date and time
of submission, user id, problem id, answer (0 - error or 1
- correct). There was no access to the source codes of the
problems solved.

Teachers who teach programming subjects, analyzed the
problems and would assign a value between 0.5 and 1.5
regarding the relevance or importance of three skills that can
be identified in the source codes. Skills are [2], [7]:

• Data analysis: write a program to solve basic statistical
calculations [2]. In source code, this skill can be identified
by the use of arithmetic operators [7].

• Data Representation: use data structures [2]. In program-
ming it is understood that this skill is developed through
exercises that use identifiers, arrays, pointers or structs
[7].

• Abstraction: encapsulate a set of commands that are
repeated for the same purpose, use conditionals, loops,
recursion, etc. [2]. This skill is developed through the
occurrence of logical operators used in conditions, repe-
tition commands and recursive calls [7].

To estimate the difficulty and discrimination of the prob-
lems, the IRT model of 2 parameters was applied, using the
package mirt of the RStudio software. For this, the data were
tabulated in order to list users, problems and the respective
answers (1 - correct or 0 - incorrect).

To apply TriMElo the data were organized in chronological
order of submission and each of the skills was initialized with
a value of 0.5. In the same database, the M-ERS model was
applied in order to compare the performance and the results
generated, presented in the next section.

V. RESULTS AND DISCUSSIONS

After applying the models, the results obtained from some
submissions were preliminarily analyzed. We chose to analyze
only users with more than fifty submissions. In the present
work, the data of a user who submitted 74 solutions to 63
different problems, obtained 54 hits and 20 errors was taken
as an example. To verify the behavior of the skills updates,
two cases were analyzed: one submission whose answer was
incorrect and the other with a correct answer.

In submitting with the wrong answer, the problem required
three skills: Analyze (relevance 0.9), Data Representation
(relevance 0.7) and Abstraction (relevance 0.8).

The values of the user’s skills were compared immediately
before the update (pre-user) with the values after the update
(post-user). In the Table I, the relevance values of the skills
in the problem are related to the values of the user skills (pre
and post) obtained by the TriMElo model and in the Table II,
the values of the M-ERS model.

TABLE I
USER SKILLS OBTAINED BY THE TRIMELO MODEL - WRONG RESPONSE

Analyze Data Representation Abstraction
Problem 0.6 0.6 0.8
Pre-user ∼= 0.675 ∼= 0.709 ∼= 0.500
Post-user ∼= 0.661 ∼= 0.694 ∼= 0.170

Loss ∼= 0.014 ∼= 0.014 ∼= 0.329

TABLE II
USER SKILLS OBTAINED BY THE M-ERS MODEL - WRONG RESPONSE

Analyze Data Representation Abstraction
Problem 0.6 0.6 0.8
Pre-user ∼= 0.830 ∼= 0.854 ∼= 0.770
Post-user ∼= 0.738 ∼= 0.762 ∼= 0.644

Loss ∼= 0.092 ∼= 0.092 ∼= 0.125

Observing the change in the values of the abilities, it is
noticed that in both models the abilities suffered a fall, once
the user erred the question. Analyzing each skill individually
and comparing it with their relevance to the problem, one can
assume which skills contributed to the error of the question.
The user has the “Analyze” and “Data Representation” skills
greater than the relevance required in the problem and the
“Abstraction” skill below what is required, so it is believed
that the “Analyze” skills and “Data Representation” did not
contribute to the error. Observing the results of the two models,
it is noted that TriMElo was the one that least ”penalized”
these skills and the possible cause of the error, the lowest skill
in “Abstraction”, suffered a greater penalty in the TriMElo
model.

In submitting with the correct answer, the problem required
both skills: Analyze (relevance 0.6) and Data Representation
(relevance 0.7).

Again, the values of the user’s skills were compared imme-
diately before the update (pre-user) with the values after the
update (post-user). In the Table III, the relevance values of



the skills in the problem are related to the values of the user
skills (pre and post) obtained by the TriMElo model and in
the Table IV, the values of the M-ERS model .

TABLE III
USER SKILLS OBTAINED BY THE TRIMELO MODEL - CORRECT ANSWER

Analyze Data Representation
Problem 0.6 0.7
Pre-user ∼= 0.675 ∼= 0.674
Post-user ∼= 0.676 ∼= 0.709

Gain ∼= 0.001 ∼= 0.034

TABLE IV
USER SKILLS OBTAINED BY THE M-ERS MODEL - CORRECT ANSWER

Analyze Data Representation
Problem 0.6 0.7
Pre-user ∼= 0.696 ∼= 0.696
Post-user ∼= 0.830 ∼= 0.854

Gain ∼= 0.133 ∼= 0.158

With the correct answer the user increased all his skills in
both models. The user’s “Analyze” skill is superior to that
required by the problem and “Data Representation”, inferior.
In this case, the TriMElo model did not increase the value
of the “Analyze” skill on a large scale, giving more value
to the “Data Representation” skill that the user presented less
than required. In the M-ERS model, the “Data Representation”
skill also had a gain, but it was in the same proportion as the
“Analyze” skill.

In that sense, the TriMElo model values skills in which users
have a lower value then the required level to solve the problem,
that is, it is expected that if the student can solve a problem
even if he does not present the required skill, that skill should
be updated in a different scale, accordingly to the required skill
of the problem. The difference of values updated for skill is
based on the expectation, were a user skill that matches the
required skill of a problem is not considered determinant for
success, and will receive a lower update value, in the other
hand, user’s skills that are below the required problem skill,
are considered determinants for success, thus should receive a
greater value.

The graphs in Fig. 2 show the evolution of this user’s
skills in both models. According to the graphs, it is easy
to observe in both models the variation of skills according
to the error or correctness of the problem. However, in the
TriMElo model it is noticed that some skills have not changed
in certain submissions. This was because these skills were
not required in the solved problems. The M-ERS model also
showed variations in skills, depending on whether it was right
or wrong, but all skills were updated in all submissions.

The graph in Fig. 3 shows the evolution, in both models, of
the “Analyze” skill that is present in all problems submitted
by the user. It is noticed that there is a discrepancy in the
values between the two models. This difference is related to
the way in which each model adjusts its values; the TriMElo
model updates the skill value on a smaller scale, considering

Fig. 2. Evolution of Skills in the TriMElo and M-ERS models.

the user’s skill, the relevance of the skill to the problem and
the uncertainty in relation to the user’s skills.

Fig. 3. Evolution of the “Analyze” skill in the TriMElo and M-ERS models.

From the point analysis with a user, Pearson’s correlation
coefficient was calculated for all submissions. With the result
close to 0.858 it suggests that there is a strong correlation in
the skills of the two models. Such correlation is justified by
the way in which the models carry out the estimates, both
increase the skills with the successes and decrease with the
errors. What differentiates them is the way in which each one
deals with the variation of skills.

VI. FINAL CONSIDERATIONS

In the present work, the TriMElo model was proposed,
based on the M-ERS model, with the objective of dynamically
estimating the progress of the users’ skills in massive online
programming system. The proposed model aims to update
the skills considering their influence on the response in order



to adjust their values appropriately. The model considers the
determining skills, which are the lowest skills of the user in
relation to the relevance of the skill in the problem, where it
can be assumed that, in case of error in the solution, these
determining skills may have contributed to the failure. Thus,
a correct answer should increase the value of the determinant
skill, just as an incorrect answer should not over-penalize non-
determinant skills.

Both models were applied to the same database in order
to analyze and compare the behavior of the evolution of a
user’s skills. Differences in the values of the estimated skills
were identified, especially in situations where the user’s skill
is superior to that required in the problem, in which case the
TriMElo model updated to a lesser extent.

In general, the two models behave very similarly, which is
justified by the fact that the TriMElo model uses M-ERS as
a base. The main difference between them is in the different
treatment of skills: TriMElo, before the updates, considers the
user’s skills and the relevance of these skills to the problem
and infer the uncertainty factor as a skill update scale.

It is believed that the use of TriMElo in programming
exercise recommendation systems may allow for a better
recommendation when analyzing each user’s skill and the
skills involved in the exercises. Thus, as a future work, the
aim is to apply the TriMElo model, through a case study,
recommending programming exercises for students beginning
in computing courses.
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