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Abstract
Electronic learning systems have received increasing attention because they are easily accessible to many students and are
capable of personalizing the learning environment in response to students’ learning needs. To that end, using fast and flexible
algorithms that keep track of the students’ ability change in real time is desirable. Recently, the Elo rating system (ERS) has been
applied and studied in both research and practical settings (Brinkhuis &Maris, 2009; Klinkenberg, Straatemeier, & van der Maas
inComputers & Education, 57, 1813–1824, 2011). However, such adaptive algorithms face the cold-start problem, defined as the
problem that the system does not know a new student’s ability level at the beginning of the learning stage. The cold-start problem
may also occur when a student leaves the e-learning system for a while and returns (i.e., a between-session period). Because
external effects could influence the student’s ability level during the period, there is again much uncertainty about ability level. To
address these practical concerns, in this study we propose alternative approaches to cold-start issues in the context of the e-
learning environment. Particularly, we propose making the ERS more efficient by using an explanatory item response theory
modeling to estimate students’ ability levels on the basis of their background information and past trajectories of learning. A
simulation study was conducted under various conditions, and the results showed that the proposed approach substantially
reduces ability estimation errors. We illustrate the approach using real data from a popular learning platform.

Keywords E-learning system . Cold-start problem . Elo rating system . Explanatory IRT . Between-session effect

There has been an increasing trend toward implementing elec-
tronic learning (e-learning) environments for higher education
as well as for K–12 education, because advanced technologies
can have substantial advantages in assisting students’ learn-
ing. One important advantage of technology-based learning
environments is accessibility, with students having access to
the learning environment at their own pace, anytime and any-
place. In addition, e-learning environments can be more effec-
tive and efficient than traditional classroom learning, because
they are capable of personalizing students’ learning opportu-
nities by using an adaptive system (Brusilovsky and Peylo,
2003). Unlike static learning environments, where the same
contents and information are given to each student, the adap-
tive systems in e-learning environments can take students’

individual characteristics into account. For example, students’
learning preferences (e.g., visual, auditory, or kinesthetic),
background information (e.g., gender, age, and socio-
economic status), and knowledge level (e.g., previous courses
taken and education level) can be used as information that the
adaptive system incorporates so as to optimize the learning
conditions. The importance of accounting for individual char-
acteristics in e-learning environments has consistently been
emphasized in previous studies (e.g., Kalyuga & Sweller,
2005; Shute & Towle, 2003; Snow, 1989, 1996).

One of the systems used in adaptive e-learning environments
is the Elo rating system (ERS; Elo, 1978). The ERS can be used
to produce adaptive item sequencing, in which items are select-
ed in real time on the basis of the current estimate of the stu-
dent’s ability or knowledge level (Wauters, Desmet, & Van den
Noortgate, 2010). More specifically, when a student responds
to an item, the ERS algorithm computes updated estimates of
the student’s ability level and the item difficulty, based on the
correctness of the current response. Then the next item is pro-
vided, such that the item difficulty level matches the student’s
current ability level. The ERS not only can be used to estimate a
constant student’s ability level, but is also applicable to tracking
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a changing ability level in learning environments where the
student’s ability level is expected to improve, because of the
instant feedback that is provided on each response (Wauters
et al., 2010). Note that although the ERS can be used to grad-
ually obtain reliable estimates of both a student’s abilities and
the item difficulties, adaptive item sequencing would be more
efficient if we could start from a precalibrated item bank, in-
cluding information on item difficulty and possibly on other
characteristics of the items. In previous research, the develop-
ment and application of the ERS has been widely explored
(e.g., Brinkhuis & Maris, 2009; Coomans, Hofman,
Brinkhuis, van der Maas, & Maris, 2016; Klinkenberg,
Straatemeier, & van der Maas, 2011; Maris & van der Maas,
2012; Savi, van der Maas, & Maris, 2015).

When a new student comes into the e-learning system, the
ERS algorithm is required to set an initial value for the student’s
ability. Initial values may be drawn randomly, or the mean of
the previous students’ ability levels can be used (Wauters et al.,
2010). However, an ambiguous initial value could lead to inac-
curate ability estimation, resulting in a higher number of re-
sponses being required in order to get accurate ability estimates,
or in higher standard errors of the ability estimates given a
particular number of responses (Wauters et al., 2010). As a
consequence, it may take longer before the environment is op-
timally adapted to the student. This problematic situation is
referred as the cold-start problem.

In general, the cold-start problem occurs when a student
starts working in the learning environment. However, the
cold-start problemmay also occur if a student decides to leave
the e-learning system for a while before starting a new session.
Between-session periods are prevalent in the e-learning envi-
ronment because the students have flexibility in when to ac-
cess this environment. There may be ability change in relation
to various experiences during between-session periods. For
example, the student might take extra training through printed
learning materials or additional online learning platforms. For
such cases, the student’s ability tends to increase.
Alternatively, the student might not have been involved in
any type of constructive learning, and might have partially
forgotten the relevant content. In this case, his or her ability
tends to decrease. For that reason, roughly assuming that the
ability estimated from the previous session will be the same as
the ability level at the beginning of the next session, by ignor-
ing potential ability change between study sessions, may again
lead to inefficient ability estimates. The longer the between-
session period, therefore, the higher the uncertainty about the
student’s ability at the start of the new session, and therefore
the more we can consider the start of a new session a cold start.

One possible solution to both cold-start problems would be
to incorporate additional information about the student. More
specifically, a student’s background information may give a
better idea of the initial ability level and how the ability level
may have changed between sessions. However, the current

ERS uses the Rasch model, which does not allow the flexibil-
ity to utilize the student’s information, because the model in-
cludes only two parameters (e.g., item difficulty and latent
ability). Alternatively, explanatory item response theory
(explanatory IRT; De Boeck & Wilson, 2004) analyses can
be used to explore the effects of background variables on
initial abilities and evolution in ability. Explanatory IRT
models have been investigated for educational data in which
student and item effects on the probability of a correct re-
sponse have been considered random (Van den Noortgate,
De Boeck, & Meulders, 2003), allowing the inclusion of stu-
dent and item characteristics as predictors. Furthermore, data
from an e-learning environment were analyzed with the ex-
planatory IRT model in another study (Kadengye, Ceulemans
& Van den Noortgate, 2014). However, the explanatory IRT
model has not yet been used in combination with the ERS
algorithm. Therefore, it is unknown to what extent the cold-
start problems may be resolved by adapting explanatory IRT
with the ERS. Thus, in the present study we aimed to investi-
gate the cold-start problem in the e-learning system, both
when new students come in to the learning environment or
students come back to the environment after a specific period
between sessions. We further aimed to describe and empiri-
cally evaluate one possible approach to addressing the cold-
start problem, by combining explanatory IRT and the ERS.

Below, we first give more details about the ERS and its
proposed improvement by means of explanatory IRT. Next,
we describe a simulation study evaluating the performance of
this combined approach.We then demonstrate its applicability
to real-life data collected from an e-learning platform.

The Elo rating system

The ERS was originally developed as an adaptive estimation
method for chess players’ ability. Adapting the concept of a
chess game to the educational measurement, a student is con-
sidered a player, an item is considered an opponent, and a
correctly answered item is considered a win for the student. In
an adaptive e-learning environment, the ERS allows testing to
keep track of individualized learning growth as soon as students
have engaged in a sequence of items. The ERS estimates the
individual’s trajectory by successively updating the ability esti-
mates. To illustrate the ERS process, consider θp(t) to be the
ability of a student p after solving an item at measurement
occasion t. Also, suppose Ypi(t) to be the outcome for student p
on item i measured at measurement occasion t, where the out-
come is dichotomously scored (0 = incorrect answer and 1 =
correct answer to the item). Then, the ERS for updating the
ability parameter takes the following sequence:

θ̂p tð Þ ¼ θ̂p t−1ð Þ þ K Ypi tð Þ−E Ypi tð Þ
� �� �

; ð1Þ
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where θ̂p t−1ð Þ is the ability estimate at the previousmeasurement

occasion t – 1 for student p, and E(Ypi(t)) is the expected re-
sponse for the current measurement occasion t. K is a step size,
which provides a weight of the difference between the current
and expected responses for student p. Several studies have ex-
plored the optimal step size K for the ERS (e.g., Glickman,
1999; Klinkenberg et al., 2011; Papousek, Pelánek, &
Stanislav, 2014), and K = 0.4 has typically been used in the
context of learning analytics (Wauters, Desmet, & Van den
Noortgate, 2012). The expected response E(Ypi(t)) for person p
on item i and measurement occasion t—with Ypi(t) = 1 if the
answer was correct, and Ypi(t) = 0 otherwise—can be computed
by using the Raschmodel, more specifically as a function of the
difference between the ability as estimated before the response

was given, θ̂p t−1ð Þ, and the difficulty of the item, βi:

logit E Ypi tð Þ
� �� � ¼ logit P Ypi tð Þ ¼ 1

� �� � ¼ θ̂p t−1ð Þ−βi: ð2Þ

Note that in Eq. 1, it is necessary to specify a starting value

for the ability, θ̂p 0ð Þ, in order to initiate the ERS algorithm. In

principle, zero (or a randomly drawn value from, e.g., a stan-
dard normal distribution) can be used, because the mean abil-
ity is often assumed to be zero in order to make the Rasch
model identified. However, to avoid the cold-start problem,
several alternative methods to specify the initial value for an
adaptive-learning system have been suggested (e.g.,
Bobadilla, Ortega, Hernando, & Bernal, 2012; Pereira &
Hruschka, 2015; Tang & McCalla, 2004). Wauters et al.
(2010) suggested an individual-specific approach for an adap-
tive e-learning environment that uses explanatory IRT to ob-
tain more specific starting values using students’ information.

Explanatory IRT

The explanatory IRT is a type of multilevel model in which
students’ item responses are considered as the first-level ob-
servations, students are considered as second-level units, and
the students’ and/or items’ characteristics are included as pre-
dictors (De Boeck &Wilson, 2004). Suppose that there a total
of J student background variables are available; the mathemat-
ical expression of the explanatory IRT model can then be
described as follows:

logit P Ypi tð Þ ¼ 1
� �� � ¼ α0 þ ∑ J

j¼1α jZp j þ wp−βi ð3Þ

where P[Ypi(t) = 1] is the probability of correctly answering
item i by student p at measurement occasion t, α0 is the inter-
cept, Zpj is the score of person p on the jth explanatory vari-
able, αj is the effect of the jth student characteristic, and w is
the random deviation of the students after the effects of student
information are taken into account. Finally, βi is the difficulty

level of item i. Note that the item difficulty βi is assumed to be
a random factor that follows a normal distribution with a zero
mean and a variance of σ2

β. An individual-specific ability es-

timate for student p then can be obtained from the formula

θp tð Þ ¼ α0 þ ∑ J
j¼1α jZpj þ wp.

To account for changing ability, we have to model the abil-
ity of the person as a function of time. In addition, if there are
between-session periods in the e-learning environment, the
ability trajectory in the between-session periods should also
be modeled, in order to predict the ability of a new student at
the start of a new session. To do so, we can create two distinct
variables, following Kadengye, Ceulemans, and Van den
Noortgate (2014): wtimep(t) and btimep(t). The first, wtimep(t),
is a time variable that records the accumulated time within
sessions until student p solves an item at measurement occa-
sion t; btimep(t) is a time variable that records the accumulated
time for the between-session periods (i.e., the period during
which the student is not engaged in the learning environment)
for a student p until occasion t. During each session, wtimep(t)
continuously increases, while btimep(t) remains constant.
Similarly, between sessions, btimep increases, while wtimep
remains constant. By specifying wtimep and btimep in this
way, their coefficients refer to ability growth (i.e., the slope
effect) within and between sessions, respectively. To illustrate
the structure of the data set more clearly, Table 1 presents the
variables for the explanatory IRT model. This table includes
an example of a student’s study time and assumes three study
sessions with two between-session periods (24 h each). For
Study Sessions 1, 2, and 3, the student solves totals of n11, n12,
and n13 items, respectively, and each session took t1, t2, and t3
hours to finish. For simplicity, we assume that the time used
for each item is 0.1 h, or 6 min, but of course in reality the time
required can vary over items.

To incorporate ability changes in function of wtimep(t) and
btimep(t), we can extend Eq. 3 to the following explanatory
IRT model:

logit P Y pi tð Þ ¼ 1
� �� � ¼ α00 þ ∑ J

j¼1α0 jZp j þ w0p

� 	
þ α10 þ ∑ J

j¼1α1 jZp j þ w1p

� 	
wtimep tð Þ

þ α20 þ ∑ J
j¼1α2 jZp j þ w2p

� 	
btimep tð Þ−βi; ð4Þ

where the first component, α00 þ ∑ J
j¼1α0 jZpj þ w0p

� 	
, is the

ability at the initial measurement occasion t = 0 (i.e., when
both time variables are equal to zero). The second component

in Eq. 4, α10 þ ∑ J
j¼1α1 jZpj þ w1p

� 	
, represents the ability

change over time within sessions. Similarly, the third compo-

nent in Eq. 4, α20 þ ∑ J
j¼1α2 jZpj þ w2p

� 	
, represents the abil-

ity change between sessions. In the equation,α00,α10, andα20

refer, respectively, to the expected initial ability, ability change
within sessions, and ability change between sessions when the
student predictor variables are equal to zero. Similarly, α0j,
α1j, and α2j are the effects of student variable j on the initial

Behav Res (2019) 51:895–909 897



ability, the ability change within sessions, and the ability
change between sessions, respectively. Finally, w0p, w1p, and
w2p are the random deviations of the student p estimates after
the students’ information is taken into account. Given the
student information for a new student, as well as estimates
of the coefficients of Eq. 4, the predicted ability of student p
at various time points therefore can be obtained as follows:

θ̂p tð Þ ¼ α̂00þð ∑ J
j¼1α̂0 jZpjÞ þ α̂10 þ ∑ J

j¼1α̂1 jZpj

� 	
wtimep tð Þ

þ α̂20þð ∑ J
j¼1α̂2 jZpjÞbtimep tð Þ. For a student who has already

answered several items, we can make even better predictions,
by estimating and accounting for the student-specific random
effects w0p, w1p, and w2p, as well.

Model estimation

The parameters of the explanatory IRT model (including the
random effects w0p, w1p, and w2p) shown in Eq. 4, can then
be estimated within the Bayesian framework (e.g., Dai &
Mislevy, 2009; Frederickx, Tuerlinckx, De Boeck, &
Magis, 2010; Kadengye et al., 2014). Bayesian inference
draws conclusions about parameters in the form of a poste-
rior distribution that combines the likelihood of the data with
prior knowledge about the parameters. Let (Y, Ω) denote the

likelihood function of a set of all parameters shown in Eq. 4,
say Ω, and let P(Ω) denote the prior distribution of those
parameters. The posterior distribution is proportional to the prod-
uct of the two components, P(Ω|Y) ∝ L(Y,Ω) P(Ω). Because
obtaining an analytical solution for P(Ω|Y) may not be feasible
ormay be extremely intensive to compute, aMarkov chainMonte
Carlo (MCMC) algorithm is typically employed.

Initial ability of new students As a first way to enhance the
traditional ERS, an explanatory IRT analysis can be used to
give more accurate starting values when the ERS has started
updating the ability estimates of new student(s). To estimate
the initial ability of the new students, we fit the model to data
that have already been collected from the previous students in
the environment. Given the new students’ background infor-
mation, this allows us to obtain an estimated initial ability,

α̂00 þ ∑ J
j¼1α̂0 jZpj

� 	
. In the case that there is no prior knowl-

edge about α00 and α0 j , i t is typical to choose a
noninformative or vague prior distribution for the Bayesian
inference (Gelman et al., 2014). Therefore, in this study a
normal distribution with an extremely large variance (i.e.,
small precision) was chosen for the prior distribution of initial
ability, α00 and α0j~N(0, 10

6).

Ability change between study sessions As a second means to
enhance the performance of the traditional ERS, the explana-
tory IRT analysis can give information about ability change
between sessions (i.e., the effect of btimep(t) in Eq. 4). The
information assists in choosing more accurate starting values
when the traditional ERS has restarted updating the ability for
the next session. Similar to the estimation of the initial ability

(i.e., α̂00 þ ∑ J
j¼1α̂0 jZpj ), the estimate of a slope parameter

α̂20 þ ∑ J
j¼1α̂2 jZpj

� 	
for btimep(t) in Eq. 4 provides the ability

change that can be expected for a student with these charac-
teristics. Adding this estimated change to the ability estimate
at the end of the previous session gives the starting value for
resuming the ERS at the beginning of the next session. If for a
given student we already have observed data for at least two
sessions, the explanatory IRT model can also estimate w2p

from Eq. 4 for the particular student, on top of the expected

Table 1 Structure of a data set

Student Session Item Score btime wtime Time

1 1 1 1 0 0.1 0.1

1 1 2 0 0 0.2 0.2

1 1 3 1 0 0.3 0.3

1 1 . . 0 . .

1 1 . . 0 . .

1 1 n11 0 0 t1 t1
1 2 n11 + 1 0 24 0.1 t1 + 24 + 0.1

1 2 n11 + 2 0 24 0.2 t1 + 24 + 0.2

1 2 n11 + 3 1 24 0.3 t1 + 24 + 0.3

1 2 . . 24 . .

1 2 . . 24 . .

1 2 n11 + n12 1 24 t2 t1 + 24 + t2
1 3 n11 + n12 + 1 1 48 0.1 t1 + t2 + 48 +

0.1

1 3 n11 + n12 + 2 0 48 0.2 t1 + t2 + 48 +
0.2

1 3 n11 + n12 + 3 1 48 0.3 t1 + t2 + 48 +
0.3

1 3 . . 48 . .

1 3 . . 48 . .

1 3 n11 + n12 +
n13

1 48 t3 t1 + t2 + 48 + t3

Table 2 Parameter estimates of the explanatory IRT models (n = 250
training set)

σw2 = 0.5 σw2 = 1.5

Parameter True Est. SE True Est. SE

Intercept

Nondyslexia 0.1 0.135 0.093 1.5 1.175 0.123

Dyslexia – 2.5 – 2.035 0.166 – 2.5 – 2.159 0.182
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ability change corresponding to the specific student
characteristics.

In a real-life setting, estimations of fixed and random ef-
fects can be updated by fitting explanatory IRT to the data
consecutively collected from further sessions. Suppose that
the posterior distribution of α2j and w2p after the current ses-
sion can be formulated by

P α2 jjY
� �

∝L Yp;α2 j
� �

P α2 j
� �

;
P w2pjY
� �

∝L Yp;w2p
� �

P w2p
� �

:
ð5Þ

In this case, the prior distributions P(α2j) and P(w2p)
based on data up to the current session can be informed
by the posterior distribution based on the data up to the
previous session. Therefore, we assign our prior for the
current session such that α2 j∼N μα2;σ

2
α2

� �
, where μα2 and

σ2
α2 are informed by the posterior mean and variance based

on the previous session. Similarly, the prior for ŵ2p also is
to be updated along with α̂2 j across the continuing analy-

sis after each session. That is, w2p∼N μw2;σ
2
w2

� �
, where

μw2 and σ2
w2 are informed by the posterior mean and var-

iance based on the previous session. Allowing the normal

prior density with an informative mean and variance for
w2p is advantageous for obtaining its posterior mean, ŵ2p,
especially when the students have not gone through
enough sessions. With only a few observations, the poste-
rior inference about ability change, w2p, is shifted away
from the individual-specific estimate toward the direction
of the population-averaged estimate. With more observa-
tions after more sessions, the inference relies more on
individual-specific change. Therefore, this characteristic
enables the analysis to adopt an average student’s slope
estimate plus the student-specific deviation, which at-
tempts to approximates more Bindividualized^ ability
change between sessions. Note that it would be natural to
assign noninformative priors for the very first session.

Simulation study

To provide evidence of the performance of the proposed
method, a simulation study was conducted. We produce
simulated data using a data generation process that mimics

Fig. 1 MSEs (left) and true versus estimated ability trajectories (right) for an average student. Note that the upper panels are for Scenario 1 and the lower
panels are for Scenario 2 in Study 1

Behav Res (2019) 51:895–909 899



various aspects of an online learning environment. In ac-
cordance with our research questions, the full simulation
study consisted of two parts. In Study 1, we examined the
effects of addressing the cold-start problem for new stu-
dents. Here we assumed that students’ true ability evolves
while they are being engaged in the learning environment,
but that there are no ability changes while they are outside
the environment (i.e., between sessions). In Study 2, we
focused on exploring the effects of addressing ability
changes between sessions. Therefore, ability growth both
within and between sessions would be simulated.

For each condition of the two studies, we simulated data
for 300 students who engaged in a total of four sessions and
solved 40 items per session. In particular, the simulated data
sets contained the students’ responses to a total of 160
items, which were randomly assigned out of an item bank
of 1,000 items. Then each data set was divided into two
subsets: (a) a Btraining set^ (n = 250 students) was used to
fit the explanatory IRT model, in order to obtain the starting
values in the ERS, and (b) a Bvalidation set^ (n = 50 stu-
dents) was used to execute the ERS by incorporating the
information from the training set. Individuals from the val-
idation set were considered new students who had just en-
gaged in the environment. For those students, we allowed
the ERS to estimate their ability growth trajectory within
sessions. Note that evaluation of an ERS with the support of
explanatory IRT modeling was the primary purpose of the
present study, and thus we compared the performance of the
proposed ERS with a traditional ERS in which no student
information was taken into account. In both subsets, we
assumed that the data were collected from two groups
(i.e., nondyslexic and dyslexic groups) with equal sample
sizes (i.e., a balanced design).

Study 1: No true ability change between sessions

Study design

To generate the true ability trajectory of the students, the fol-
lowing explanatory IRT model was used:

logit P Ypi tð Þ ¼ 1
� �� � ¼ α01Zp 1 þ α02Zp2 þ w0p

� �þ α11Zp 1 þ α12Zp2 þ w1p
� �

wtimep tð Þ−βi

ð6Þ

Zp1 and Zp2 are binary indicators for two groups, say a
nondyslexic and a dyslexic group, respectively (Zp1 = 1 if
the student is from the nondyslexic group, and 0 otherwise;
Zp2 = 1 if the student is from the dyslexic group, and 0
otherwise). The model does not include an intercept, so
α01 and α02 refer to the expected initial abilities in these
two groups. The initial-ability parameter is affected not on-
ly by the group membership, but also by individual-specific
factors (w0p, or the individual deviation from the group
mean). Similarly, the learning trend varies over persons
around a group-specific mean. We assumed that the
nondyslexic group would typically show a greater average
initial ability level (α01) and learning growth (α02) than the
dyslexic group, since many educators and learning plat-
forms are concerned with the lower learning capability of
those who experience dyslexia (e.g., Humphrey & Mullins,
2002; Polychroni, Koukoura, & Anagnostou, 2006;
Vukovic, Lesaux, & Siegel, 2010).

Initial ability With regard to the true fixed and random
effects for the initial ability levels, two scenarios were
considered. In the first scenario, a relatively smaller
difference between the two group means and a relatively

Fig. 2 MSEs (left) and estimated ability trajectories for an average student
(right; straight lines indicate the true ability trajectory averaged for the
group) when there is constructive learning with small student variation

during the period between sessions. Note that with the validation data (n =
50 new students), the initial ability estimates in the ERS for the students
were determined by group-specific starting values

900 Behav Res (2019) 51:895–909



smaller random standard deviation were considered. In
particular, the fixed effects were set at α01 = 0.1 and
α02 = – 2.5, respectively, and the standard deviation of
the random effects was set at σw0 = 0.5, where
w0p~N(0, σ2

w0 ). In the second scenario, the fixed effects
were set at α01 = 0.5 and α02 = – 2.5, respectively, and
the standard deviation of the random effects was set at
σw0 = 1.5.

Ability growth In both scenarios, the within-session time
(i.e., wtimep(t)) was simulated to increase by 0.05 h for each
item. Also, the fixed time effects were set at α11 = 0.18 and
α12 = 0.05, respectively, and the standard deviation of the
random effects was set at σw1 = 0.0008, where w1p~N(0,
σ2
w1 ).

Item difficulty The true item difficulties βp(t), for measure-
ment occasion t for student p, were drawn randomly from
N(0, 2). On the basis of those parameter values, the item
response of each student (correct/incorrect) for each mea-
surement occasion twas randomly generated on the basis of
a binomial distribution with the probability in Eq. 6.

Starting value To initiate the ERS tracing his or her growth
trajectory with the validation set (n = 50 students), certain
starting values should be given for a new student’s initial
ability estimates. Two options were considered in this
study. First, as is the case with many testing or learning
environments, no information was given about the new stu-
dents, and therefore zero values were assigned for all of
them. This is the cold-start situation. For the second option,
the explanatory IRT model was fitted to the training set,
leading to specific ability levels for the dyslexic or

nondyslexic groups. The mathematical formula for this
data-analyzing model is as follows:

logit P Ypi tð Þ ¼ 1
� �� � ¼ ∑2

g¼1α0gZp g þ w0p

� 	
þ ∑2

g¼1α1gZp g þ w1p

� 	
wtimep tð Þ

þ ∑2
g¼1α2gZp g þ w2p

� 	
btimep tð Þ−βi ð7Þ

Implementation For the estimation procedure with the
training set, the MCMC algorithm was implemented with
R 3.3.3 (R Core Team, 2013). More specifically, JAGS
(Plummer, 2015) was implemented in the R package
R2jags (Su & Yajima, 2015), which provides wrapper
functions for the Bayesian analysis program. For each
analysis with JAGS, four chains were run, and each ran
for 10,000 iterations. We use a thinning parameter of four
and used the first half as burn-in. The resulting iterations
from each chain were pooled and randomly mixed after
burn-in to be used as samples from the posterior distribu-
tion of the parameters. The use of multiple chains and
thinning served to reduce the dependencies among the
iterations and ensure adequate convergence to and mixing
from the posterior distribution. Gelman and Rubin’s
(1995) statistics were used as convergence diagnostics.
The final estimates of the model parameters were obtained
by taking the mean of the posterior samples after the
burn-in periods.

Once the explanatory IRT models had been fitted, the ini-
tial ability values (i.e., the starting values) were obtained from
the two approaches (taking zero for everybody, or using the
group-specific means). Those initial values were then used to
initiate the ERS algorithm. The student ability trajectory
across measurement occasions was then estimated and the
accuracy of the ability estimates from the ERS was summa-
rized by the mean squared error (MSE). In particular, the

Fig. 3 MSEs (left) and estimated ability trajectories for an average student
(right; straight lines indicate the true ability trajectory averaged for the
group) when there is constructive learning with large student variation

during the period between sessions. Note that with the validation data (n =
50 new students), the initial ability estimates in the ERS for the students
were determined by group-specific starting values
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difference between the true and estimated abilities at measure-
ment occasion t was quantified and averaged over the entire
sample size of new students—that is,

MSE θ̂̂ tð Þ
� 	

¼
∑P

p¼1 θ̂̂p tð Þ−θp tð Þ
� 	2

P
: ð8Þ

Results

Table 2 presents the initial ability levels estimated by the ex-
planatory IRT analysis from the training data (n = 250 stu-
dents). Specifically, Table 2 shows the posterior means
(BEst.^) and standard deviations (BSE^) from the models, fit
for two different scenarios. On the basis of the first scenario,
the estimated initial ability levels (Bintercept^) were equal to
0.135 and – 2.035 for the nondyslexic and dyslexic groups,
respectively. On the other hand, the second scenario con-
cerned a larger difference between the two groups—that is,
1.175 and – 2.159, respectively.

With the validation data (n = 50 new students), the ERS is
initiated by using two options: a cold start (initial ability levels
for all new students being at zero) or the group-specific start,
based on the explanatory IRT model (under BIntercept^ in
Table 2). Figure 1 summarizes the results of the two scenarios:
Scenario 1 (upper panels) and Scenario 2 (lower panels). In
the same figure, the panels in the left column show MSEs
along with the total number of items answered (at each mea-
surement occasion from the ERS). Also, the panels in the right
column illustrate the true and the estimated ability trajectories
for an average student.

Each plot in the figure displays the performance when
using the group-specific start values as compared to the cold-
start values. Specifically, using the group-specific values sug-
gests that the explanatory IRT approach decreases the system-
atic bias in the initial ability estimates (as can be seen in the

right panels). As a result of this decreased bias, the initialMSE
is also smaller for the explanatory IRT approach (as can be
seen in the left panels). However, because students’ ability
may still deviate from the ability that is expected on the basis
of their background characteristics, there is still variation in the
ability estimates around the overall value, adding to the MSE.

When the group difference in initial ability is small (in the
upper left panel of Fig. 1), theMSEs begin with 2.4 and 0.5 for
the cold-start and the group-specific starts, respectively. When
the group difference is large (in the lower left panel of Fig. 1),
the MSEs begin with approximately 5.2 and 1.8 for the cold-
start and group-specific starts, respectively. This suggests that
the MSEs in the second scenario are generally greater than
those in the first scenario, since the simulated data variance
was large. For both scenarios, the MSE tends to gradually
decrease as the number of items answered increases. The
ERS with the group-specific start already begins with a rela-
tively smallerMSE, which means that the ability estimation is
accurate even with a small number of items answered.
However, the ERS with the cold start produces considerably
higherMSEs than the group-specific approach in the first ses-
sion. In each panel, the performances of the ERS with the two
starting values coincide after 20 items at least. The results
suggest that using the group-specific start is capable of en-
hancing ability estimation without having students answer
an excessive number of items.

Study 2: When there is true ability change
between sessions

Study design

In the second simulation study, we focused on exploring the
effects of addressing the ability changes between sessions,
assuming that the first part of study had been addressed.
Therefore, the data generation model included four

Fig. 4 MSEs (left) and estimated ability trajectories for an average student
(right; straight lines indicate the true ability trajectory averaged for the
group) when there is ability change with small student variation during

the period between sessions. Note that with the validation data (n = 50
new students; 80 items per session), the initial ability estimates in the ERS
for the students were determined by group-specific starting values
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components: (a) initial ability, (b) the ability change while
engaged in the learning environment, (c) the ability change
while not engaged in the learning environment, and (d) a qua-
dratic term for the ability change while not engaged in the
learning environment. The quadratic term allowed us to sim-
ulate the possible acceleration of ability change over time
while participants were not engaged in the learning environ-
ment. Therefore, a mathematical formulation for the data gen-
eration model is as follows:

logit P Ypi tð Þ ¼ 1
� �� � ¼ α01Zp 1 þ α02Zp2 þ w0p

� �þ α11Zp 1 þ α12Zp2 þ w1p
� �

wtimep tð Þ

þ α21Zp 1 þ α22Zp2 þ w2p
� �

btimep tð Þ

þ α31Zp 1 þ α32Zp2 þ w3p
� �

btime2p tð Þ−βp tð Þ: ð9Þ
Between-session change Four scenarios are considered in re-
gard of fixed effects of the between-session parameters given
α21 = .7 andα22 = .1 for nondyslexic and dyslexic groups. The
four scenarios are varied by random effects and numbers of
items as follows:

& Scenario A: with between-session ability change, small
student variation (σw0 = 0.5, σw2 = 0.2), and 40 items per
session

& Scenario B: with between-session ability change, large
student variation (σw0 = 1.5, σw2 = 1.5), and 40 items per
session

& Scenario C: with between-session ability change, small
student variation (σw0 = 0.5, σw2 = 0.2), and 80 items per
session

& Scenario D: with between-session ability change, large
student variation (σw0 = 1.5, σw2 = 1.5), and 80 items per
session

The between-session time (i.e., btimepi) was generated
from a Poisson distribution with a mean and variance of 1
(per day).

Within-session change In any of the data generation scenarios,
the true fixed and random effects for the within-session period
were determined as follows: α11 = .18, α12 = .05, and σw2 =
.0008. The within-session time (i.e., wtimep(t)) was generated
on the basis of approximately 0.05 h for solving each item in
the session.

Fig. 5 MSEs (left) and estimated ability trajectories for an average student
(right; straight lines indicate the true ability trajectory averaged for the
group) when there is ability change with large student variation during the

period between sessions. Note that with the validation data (n = 50 new
students; 80 items per session), the initial ability estimates in the ERS for
the students were determined by group-specific starting values

Table 3 Parameter estimates of the explanatory IRT models (n = 250
training set): Between-session ability change with small student variation

Parameter True Overall Group-Specific

Est. SE Est. SE

Intercept – 0.810 0.100

α01 (Nondyslexia) 0.5 0.390 0.112

α02 (Dyslexia) – 2.5 – 2.217 0.178

Between-Session Slopes 0.446 0.090

α21 (Nondyslexia) 0.7 0.681 0.133

α22 (Dyslexia) 0.1 0.245 0.110

Table 4 Parameter estimates of the explanatory IRT models (n = 250
training set): Between-session ability change with large student variation
(40 items per session)

Parameter True Overall Group-Specific

Est. SE Est. SE

Intercept – 0.760 0.084

α01 (Nondyslexia) 0.5 0.364 0.108

α02 (Dyslexia) – 2.5 – 1.912 0.125

Between-Session Slopes 0.428 0.089

α21 (Nondyslexia) 0.7 0.567 0.126

α22 (Dyslexia) 0.1 0.284 0.123

Behav Res (2019) 51:895–909 903



Item difficulty As in Study 1, βp(t) was randomly drawn from
N(0, 2), and the item responses were randomly generated on
the basis of a binomial distribution with the probability from
the Eq. 9.

Starting values To determine starting values that take into
account ability changes between sessions, four options were
considered in this study. The first option (called BTraditional
ERS^ in Figs. 2, 3, 4, and 5 below) was to continue with the
last ability estimate from the previous session. The second
option (BOverall^ in Figs. 2, 3, 4, and 5) was to use overall slopes
that do not differentiate between the groups; therefore, the data-
analyzing model did not include group indicators—that is, logit

P Ypi tð Þ ¼ 1
� � ¼ ∑2

g¼1α0gZp g þ w0p

� 	
þ ∑2

g¼1α1gZp g þ w1p

� 	
wtimept

þ ∑2
g¼1α2gZp g þ w2p

� 	
btimept−βi:

The third option (BGroup-Specific^ in Figs. 2, 3, 4, and 5)
was to use the group-specific slopes corresponding to dyslexic
or nondyslexic groups (i.e., α2g, g = 1, 2). Finally the fourth
option (BIndividual-Specific^ in Figs. 2, 3, 4, and 5) was to
use each individual student’s deviation (i.e., w2p, p = 1,…, P)
as well as the group-specific averages. The data-analyzing
model was equivalent to that in Eq. 7. Note that the accuracy

of the students’ deviations improves as more data for the stu-
dent are collected throughout longer study sessions.

Results

The results are summarized for each of the four data genera-
tion scenarios.

Between-session ability change with small student variation
(40 items per session) The first scenario assumed that the
ability level of students generally evolves between sessions
(α21 = 0.7, α21 = 0.1), with small variation in ability change
among students (σw2 = 0.2). It also assumed small variation
among students in their initial ability levels (σw0 = 0.5).
Therefore, the scenario led to 86% of students who experi-
enced constructive learning, and the remaining 14% of stu-
dents who experienced forgetting between sessions. Table 3
presents the parameter estimates from the explanatory IRTs for
the training data (n = 250 students). Table 3 shows that the
overall slope estimate without using the grouping variable is
0.446. On the other hand, the group-specific estimates are
approximately 0.681 and 0.245 for the nondyslexic and dys-
lexic groups, respectively.

With the validation data (n = 50 new students), the ERS
with the choice of group-specific starting values as initial abil-
ity levels was implemented. Figure 2 visualizes MSE as a
function of the total number of items answered at each itera-
tion step in the ERS (left) and the true and estimated ability
trajectories for an average student (right). The MSE value at
the beginning is around 0.6 and decreases within Session 1.
Such a decreasing trend in MSE can also be found within
Sessions 2–4, meaning that ability estimation in the ERS gets
more accurate as more items are given to students. However, it
is noticeable that the MSE tends to take considerable leaps
between consecutive sessions. This is because there are true
systematic ability changes during these periods (α20 = 0.7,α21

= 0.1), but also unsystematic (individual-specific) ability
changes. When methods using the explanatory IRT model

Table 5 Parameter estimates of the explanatory IRT models (n = 250
training set): Between-session ability change with small student variation
(80 items per session)

Parameter True Overall Group-Specific

Est. SE Est. SE

Intercept – 1.001 0.107

α01 (Nondyslexia) 0.5 0.448 0.105

α02 (Dyslexia) – 2.5 – 2.137 0.116

Between-Session Slopes 0.405 0.084

α21 (Nondyslexia) 0.7 0.650 0.113

α22 (Dyslexia) 0.1 0.238 0.126

Table 6 Parameter estimates of the explanatory IRT models (n = 250
training set): Between-session ability change with large student variation
(80 items per session)

Parameter True Overall Group-Specific

Est. SE Est. SE

Intercept – 0.824 0.100

α01 (Nondyslexia) 0.5 0.311 0.105

α02 (Dyslexia) – 2.5 – 2.310 0.128

Between-Session Slopes 0.433 0.083

α21 (Nondyslexia) 0.7 0.674 0.107

α22 (Dyslexia) 0.1 0.193 0.118

Table 7 Parameter estimates of the IRT models for the online data (n =
500)

Empty model Explanatory model

Parameter Est. SE Est. SE

Intercept 0.094 0.090 – 0.732 0.155

Type of learning – 0.302 0.095

Grade 0.315 0.035

Gender – 0.039 0.146

Between-Session Slopes 0.013 0.063 0.019 0.176

Type of learning – 0.008 0.007

Grade – 0.001 0.023

Gender 0.017 0.127
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(in the BIndividual-specific^ and BGroup-specific^ forms) are
used, theMSE values are smaller than in the traditional ERS—
that is, because the explanatory IRT model succeeds in ac-
counting for those changes.

Also, the right panel of the figure shows bias—that is, the
gap between the true and estimated ability trajectories. The
results suggest that methods using the explanatory IRT model
(both BIndividual-specific^ and BGroup-specific^) consistent-
ly outperform the traditional ERS because IRT enables us to
reduce bias due to the ability change between sessions.

Between-session ability change with large student variation
(40 items per session) The second scenario assumed that the
ability level of students generally evolves between sessions
(α21 = 0.7, α21 = 0.1), but with large variation in ability
change among students (σw2 = 1.5). Also, we assumed large
variation among students in their initial ability levels (σw0 =
1.5). Therefore, the scenario led to 60% of students who ex-
perienced constructive learning, and the remaining 40% of
students who experienced forgetting between sessions.
Table 4 presents parameter estimates from the explanatory
IRTs for the training data (n = 250 students). The results include
posterior means and standard deviations from the models fit
with thewithout using a background variable—that is, dyslexia.
The table shows that the overall slope estimate without using
the grouping variable is 0.428. On the other hand, the group-

specific estimates are approximately 0.567 and 0.284 for
nondyslexic and dyslexic groups, respectively.

Figure 3 visualizesMSE as a function of the total number of
items answered at each iteration step in the ERS (left) and the
true and estimated ability trajectories for an average student
(right). As compared to Scenario A, theMSE values are great-
er, in general. The MSE value at the beginning is around 1.3,
and it reduces almost to 0.4 within Session 1. Such a decreas-
ing trend in MSE can also be found within Sessions 2–4,
meaning that the ability estimation in ERS gets more accurate
as more items are given to students. However, it is noticeable
that the MSE tends to take considerable leaps between two
consecutive sessions, due to the true systematic (α20 =
0.7, α21 = 0.1) and unsystematic (individual-specific) ability
changes during these periods. Therefore, when methods using
the explanatory IRT model (in the BIndividual-specific^ and
BGroup-specific^ versions) are used, the MSE values are
smaller than in the traditional ERS. Between the two ap-
proaches, the individual-specific estimate seems to perform
better, especially in Session 4. Also, the right panel of the
figure shows bias—that is, the gap between the true and esti-
mated ability trajectories. The results suggest that methods
using the explanatory IRT model (both BIndividual-specific^
and BGroup-specific^) consistently outperform the traditional
ERS, because IRT enables us to account for the ability change
between sessions more accurately.

Fig. 7 Example of ability estimates for a student with and without addressing the between-session effect in the ERS

Fig. 6 Example of ability estimates for a student, given different start values in the ERS. Note that in this figure, the between-session effect is not
addressed (see Fig. 7)
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Between-session ability change with small student variation
(80 items per session) As in Scenario A, we assumed that the
ability levels of students generally tend to evolve between ses-
sions (α20 = 0.7, α21 = 0.1) with small variation among students
(σw2 = 0.2). It also assumed that variation among students in
their initial ability levels was small (σw0 = 0.5). However, instead
of 40 items per session, we simulated student responses to 80
items per session. Therefore, the scenario led to 82% of students
who experienced constructive learning, and the remaining 18%
of students who experienced forgetting between sessions.
Table 5 presents parameter estimates from the explanatory
IRTs for the training data (n = 250 students). The results include
posterior means (BEst.^) and standard deviations (BSE^) from
themodels fit with or without using a background variable—that
is, dyslexia. The table shows that the overall slope estimate with-
out using the grouping variable is 0.405. On the other hand, the
group-specific estimates are approximately 0.650 and 0.238 for
the nondyslexic and dyslexic groups, respectively.

Figure 4 visualizes MSE as a function of the total number
of items answered at each iteration step in the ERS (left) and
the true and estimated ability trajectories for an average stu-
dent (right). During Session 1, the MSE begins at 0.6 and
moves to almost zero at the end of Session 1. During
Sessions 3 and 4, noticeable gaps appear between
individual- or group-specific approaches, as compared to
the traditional ERS approach (in light gray). The two ap-
proaches reduce MSE in leaps between Sessions 1 and 2
(Items 80 and 81), Sessions 2 and 3 (Items 160 and 161),
and Sessions 3 and 4 (Items 240 and 241). In this scenario,
the individual-specific approach works best but does not par-
ticularly outperform the group-specific estimate. Also, the
right panel of the figure shows bias—that is, the gap between
the true and estimated ability trajectories. The results suggest
that the methods using the explanatory IRT model (both
BIndividual-specific^ and BGroup-specific^) consistently
outperform the traditional ERS, because IRT enables us to
account for ability change between sessions more accurately.

Between-session ability change with large student variation
(80 items per session) In the last scenario, we considered a
case similar to Scenario B, in which the ability levels of stu-
dents generally evolve between sessions (α20 = 0.7, α21 =
0.1), with large variation among students (σw2 = 1.5). It also
assumes small variation among students in their initial ability
levels (σw0 = 1.5). However, instead of 40 items per session,
we simulated student responses to 80 items per session.
Therefore, the scenario led to 74% of students who experi-
enced constructive learning, and the remaining 26% of stu-
dents who experienced forgetting between sessions. Table 6
shows that the overall slope estimate without using the group-
ing variable is 0.433. On the other hand, the group-specific
estimates are approximately 0.674 and 0.193 for nondyslexic
and dyslexic groups, respectively.

Figure 5 visualizesMSE as a function of the total number of
items answered at each iteration step in the ERS (left) and the
true and estimated ability trajectories for an average student
(right). Due to the large variation in ability change between
sessions, we found considerable leaps between Sessions 1 and
2 (Items 80 and 81), Sessions 2 and 3 (Items 160 and 161), and
Sessions 3 and 4 (Items 240 and 241). Although all four ap-
proaches result in very similar performance during Session 2,
the individual-specific and group-specific approaches outper-
form during Sessions 3 and 4. In particular, the individual-
specific approach produces smaller MSEs than the group-
specific approach, and the gap becomes bigger in Session 4.
Also, the right panel of the figure shows bias—that is, the gap
between the true and estimated ability trajectories. The results
suggest that the methods using the explanatory IRT model
(both BIndividual-specific^ and BGroup-specific^) consistent-
ly outperform the traditional ERS, because IRT enables us to
account for the ability change between sessions more
accurately.

Real-data example

Data description

For illustrative purposes, we used a data set collected from a
Web-based learning platform, BOefenweb^ (Oefenweb.nl). It
was designed as an item-based e-learning environment for
200,000 pupils from a total of 2,000 mainly primary schools
in the Netherlands. The learning environment supplements
children’s cognitive development in math and language at
their own ability level, and teachers can receive information
in order to get informed about their students. We used data
obtained from one of its exercise programs, called Math
Garden. In particular, the present data refer to math exercises
related to the addition operation, which were collected be-
tween Fall 2016 and Spring 2017, during one school year.
Those exercises were developed on the basis of the Rasch
model framework. The platform includes data from large
numbers of students and learning items—specifically, 1,562
students’ responses to items across four study sessions in total.
Note that the total number of items for the four study sessions
varied by students—the average number of items per student
was 81.3, with a minimum of 8 and a maximum of 576—and
therefore, the data set includes missing responses. In addition
to the student responses to the items, the data set also contains
background information variables for the students, including
(a) type of learning (0 = easy, 1 = moderate, and 2 =
challenging), (b) grade (3rd, 4th, 5th, and 6th graders), and
(c) gender (0 = female, 1 = male). Finally, the data set also
contains timestamps recording when the students start and
finish solving each item, so the amounts of time spent within
(wtime) and outside (btime) the study sessions can be
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calculated. In particular, wtime indicates measurement time
points in hours across all study sessions, and btime shows
the spacing time in days between study sessions, computed
from the session-specific time stamps. The median spacing
time between two consecutive study sessions was 1.93 days.
Among the students, 500 were selected for analyzing with
explanatory IRT models, and the remaining 1,062 students
were used to keep track of ability trajectory using the tradi-
tional ERS. On the basis of this setup, the same procedures as
described in Studies 1 and 2 were applied.

Results

Table 7 demonstrates the estimated model parameters from
fitting explanatory IRT models to the Math Garden data. The
middle columns of the table (called BEmptyModel^) show the
estimated parameters and standard errors (posterior means and
standard deviations) from fitting an IRT model that included
the overall intercept and the between-session slope (for btime
variable). At this stage, no student characteristics were includ-
ed as explanatory variables. The right columns of Table 7
(called BExplanatory Model^) show estimated parameters
and standard errors with respect to the intercept and the
between-session slope as moderated by a set of explanatory
variables that characterize the students. Similar to the simula-
tion study (see Study 1), the estimated intercept(s) from these
two models produce the starting values for the ERS to begin
tracing ability growth, particularly for students who have new-
ly engaged with the environment.

Figures 6 and 7 show estimated ability trajectories for a
randomly chosen student. As in the simulation results (i.e.,
Study 1), Fig. 6 presents the impact of choosing starting
values when the student came in to the learning environment
for the first time. In this figure, the between-session effect is
not addressed, which will be depicted in Fig. 7. As in Study 1,
two options were considered: starting values estimated using
all explanatory variables (see the right columns of Table 7) or
a cold start, assuming that all learners’ ability levels are equiv-
alently zero. The figure shows that the starting values estimat-
ed using students’ background are greater than the cold start
by approximately 1.5 points. It is noticeable that the gap be-
tween the two options gets narrower as the student answers
more items. In particular, the gap becomes negligible after 32
items answered. That implies that ignoring students’ charac-
teristics may cause considerable bias in ability trajectory esti-
mation when new users come in, and therefore suboptimal
adaptivity of the learning environment.

For the same student, Fig. 7 compares the estimated ability
trajectories with and without considering ability change dur-
ing the period between sessions (i.e., while not engaged with
the learning environment) for the ERS. To avoid the initial
cold-start problem, the background-specific estimates from
Fig. 6 were used. Because the four options only differ in the

ways the between-session effect is accounted for, the curves
coincide in Session 1. Also, the differences are extremely
minor for Session 2 (BS2^). At the beginning of Session 3
(BS3^), the ability trajectory using the three model-based
starting values tends to be greater than with the traditional
ERS. Finally, in Session 4, the ability estimates when using
the three model-based starting values again tend to be greater
than with the traditional one. In particular, the overall starting
value gave the highest value, followed by the background-
specific starting value and the individual-specific starting val-
ue. The estimates by using individual-specific starting values
are located between the other two model-based starting values
and the traditional ERS. After a longer sequence of items
within the session, however, the gaps among the four ap-
proaches tend to be negligible.

Discussion and conclusion

The present study proposed methods to address the cold-start
problem in e-learning environments by implementing the ex-
planatory IRT model with the ERS. The proposed methods
were empirically evaluated via a simulation study. We consid-
ered various scenarios that differed from each other in (a)
whether the group-specific initial ability estimates were spec-
ified for new students or (b) whether group-specific and/or
individual-specific effects of the explanatory variables were
included for the students’ ability change while not using the
learning environment. Those explanatory IRT models were
evaluated under conditions in which the true initial ability
parameters were different acrossmultiple groups, the true abil-
ity trajectory between sessions was either positive or negative,
and relatively small or large variances across students were
generated. The proposed models were evaluated with the
cross-validation technique, in which the models were built
using part of the data set (a training set) and tested on the
remaining part of the data set (a testing set, which we consid-
ered to be data from new students). Finally, the proposed
methods were illustrated using real data obtained from an e-
learning environment.

The results of the study showed that the ERS with the
explanatory IRT models provided better latent ability esti-
mates when a student entered the e-learning environment than
did the traditional ERSwith the Raschmodel. TheMSE values
for the ability estimates at the initial stage were consistently
lower for the explanatory models, and similar findings were
observed across measurement occasions. These findings im-
ply that in order to obtain more accurate ability estimates in the
ERS, an explanatory IRT model that can take students’ infor-
mation into account should be implemented. The flexibility to
include the explanatory variables plays a significant role in the
ERS, and individualized initial estimates could increase the
efficiency of the e-learning system. On the basis of these
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findings, we recommend using explanatory IRT models with
the ERS to obtain more accurate and efficient ability estimates.

In addition, on the basis of the present simulation study
results, we found that when students resumed the e-learning
system, group-specific abilities were the better estimates for
the initial ability level at which to initiate the ERS, rather than
the estimates at the last measurement occasion of the previous
session. In the present study, explanatory IRT models that
included between-session variables showed more accurate
ability estimates than did the model without the between-
session variables when there was a between-session effect.
The model with the between-session variables also
outperformed for conditions in which the between-session ef-
fects were both positive and negative. These findings imply
that for e-learning environments, the session-specific approach
should be encouraged to estimate the between-session effect.

It is also worthwhile to note that when the explanatory IRT
models were estimated, we employed the Bayesian estimation
method. In general, for situations in which the fitted model
becomes more complex or data sets include large number of
observations, it may not be uncommon to observe
nonconvergence of the parameter estimation, or it may take
a much longer runtime for the model to converge. A similar
issue occurred in a study in which longitudinal growth IRT
modeling for the e-learning data was examined (Kadengye,
Ceulemans, & Van den Noortgate, 2015). Given that the
Bayesian approach can be an alternative to obtaining estimates
by sampling from the posterior distribution, we initially esti-
mated the models using both a numerical integration approach
andMCMC estimations, and found that MCMC yielded more
accurate estimates and took less runtime. Although more stud-
ies will be needed to precisely compare both estimation
methods for explanatory IRT models in the context of the e-
learning environment, our study suggests that the Bayesian
approach toward explanatory IRT models works well.

We also acknowledge some limitations of the study. For
the simulation study, we only incorporated one categorical
explanatory variable to address the cold-start problem.
However, in practical settings more student information will
be available and collected, as is shown in the real-data illus-
tration, and those background variables should be included
in the explanatory IRT model. Including more variables is
expected to lead to an increase in precision, but it also in-
creases the complexity of the explanatory IRTmodel, and the
same pattern as in the current approaches may not be obtain-
ed. In addition, the ERS that we considered in this study does
not assume adaptive item sequencing. In other words, in the
present simulation study, the items were generated randomly
across measurement occasions for each student, and the item
difficulty parameters were assumed to be fixed and consid-
ered known (i.e., estimated using a large prior calibration
study). However, given that the ERS allows for updating
not only the ability estimate but also the item difficulties

simultaneously, it would be worthwhile to investigate the
performance of the explanatory IRT model with more com-
plex conditions (e.g., when item difficulties cannot be con-
sidered known, and therefore when the cold-start problem
also applies to the item side). Finally, the present work dem-
onstrates the added value of using the explanatory IRT meth-
od on top of the traditional method (Glickman, 1999) of
addressing the cold-start problem by using large step sizes
at the beginning of new sessions. Specifically, we took a
bigger step size to start the ERS algorithm (by setting K =
0.7 at the beginning of each study session),and linearly de-
creased the size as a function of the total number of items
answered. More research exploring the optimal step size
function will be desirable. For example, Klinkenberg et al.
(2011, p. 1816) followed Glickman’s reasoning and pro-
posed making K a function of the number of items answered
and the elapsed time between two answers.

Nonetheless, the results of this study provide valuable in-
formation about how to deal with the cold-start problem in e-
learning environments. We recommend fitting explanatory
IRT models that can be used to get good initial starting values
for new students, or to get improved starting values at the start
of new sessions. These (relatively computing-intensive) anal-
yses do not have to be done on the fly, but can be repeated to
get more precise estimates of model parameters when the
amount of available data increases. Also, the analyses to esti-
mate student-specific trajectories do not have to be done on
the fly. Ideally these should be performed between study ses-
sions. One could, for instance, update the estimates once a
day. The study is expected to allay concerns about the ERS
and catalyze the usefulness of the e-learning system in educa-
tional settings. Furthermore, we acknowledge that the cold
start is a problem that can be encountered in any educational
setting—for example, when there is a new student (or new
learning materials are introduced) in a traditional classroom
setting. It is likely that the teacher will try to overcome this
cold-start problem using the same principle that underlies our
explanatory IRT approach: by predicting ability using the
background characteristics of the student. The advantage of
the classroom setting is that the teacher in principle could use
multiple types of data (e.g., the attitude and participation of the
student) to estimate the extent to which the student has mas-
tered the content. In contrast, a disadvantage is that the pre-
dictions are not necessarily based on an objective, evidence-
based model, but rather may be prone to prejudices. In addi-
tion, teachers cannot observe all students permanently, so they
may miss important information that could be used to update
their ability estimates. We hope this study will inspire re-
searchers in face-to-face educational settings, too.
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