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ABSTRACT
When implementing large-scale educational computing ini-
tiatives (e.g., One Laptop Per Child) it is vital to allocate
resources for training, support, and device deployment judi-
ciously. One question that arises is how learners’ engage-
ment with online educational resources is affected by re-
ceiving a new computer; do the benefits justify the costs?
In this paper, we perform a quasi-experimental analysis to
measure the effect of new device deployment on students’
online learning activity, operationalized as either the num-
ber of interaction events with their LMS, or the number
of attempted exercises in their math ITS. The focus is on
6th-grade learners in Uruguay, which to-date has delivered
over 750,000 computers to pupils nationwide. Our results
suggest that, relative to learners’ online learning activity
before device deployment, the absolute effects are small but
the relative effect are stat. sig. and surprisingly strong: the
estimated relative increase on 2016 students’ overall LMS
activity is 49%. The effects are positive for both 2015 and
2016 and persist several months after device delivery. More-
over, we find that students attempt to solve stat. sig. more
(88%) math problems during the month after they receive
a new device. We discuss possible reasons and implications
for large-scale educational computing programs.
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1. INTRODUCTION
During the past 15 years, there have been numerous large-
scale educational interventions worldwide – most notably
the One Laptop Per Child (OLPC) [16] and One Tablet Per
Child (OTPC) [23] programs – that distribute computers to
disadvantaged learners to help them bridge the digital divide
and achieve better learning outcomes. Early on, such pro-
grams were often viewed as a panacea to equalize education
worldwide, and indeed some studies have shown that they
can boost learners’ writing [15] and math [5] skills, verbal flu-

ency [3], basic cognitive processes [3], and self-efficacy [20].
More subtly, they can also help learners to contribute educa-
tional content of their own [11] in an educational ecosphere
dominated by Western, English-speaking content-makers.

Above all, however, independent evaluations of OLPC and
related programs have shown that achieving meaningful learn-
ing gains requires more than just giving students laptops
and hoping for a positive change [4, 24, 13, 22]. In order
for these initiatives to work, it is vital to provide teachers
with training on how to make good use of them as part of
the curriculum [6]. Computers can break down, and it is
important to provide both hardware and software support
to ensure these devices remain usable [21]. Finally, even the
best maintained device will eventually become obsolete, and
thus money for new device deployment must be budgeted.

Effectively implementing large-scale educational computing
initiatives requires that resources be apportioned judiciously.
One question that arises is: How are learners’ interac-
tions with online educational resources affected by
receiving a new laptop or tablet computer? Distribut-
ing computers to every student is expensive, and it is im-
portant to establish that they are worth the cost. There are
several reasons why new devices might impact learners’ be-
havior: (1) Different affordances: the new device may offer
new features that enable new kinds of interaction. (2) Nov-
elty : the mere fact of receiving a shiny new device may incite
learners to use it (at least temporarily). (3) Replacement of
broken hardware: receiving the new device can enable learn-
ers simply to resume accessing online content.

One way to measure the effect of new device deployment
would be to conduct a randomized-controlled trial (RCT),
i.e., randomly select a set of students to whom to give a
new device at random times throughout the school year,
and compare the outcomes of students who received a new
device to those who didn’t. However, this would be prob-
lematic for logistic, political, and ethical reasons, since some
people might believe a priori that the benefits of receiving
a new device could be significant. In this paper, we instead
pursue a quasi-experimental approach: One of the poten-
tial opportunities offered by educational data-mining is to
estimate the causal impact of different interventions from
observational datasets, i.e., data that were collected con-
taining many covariates/features but without random as-
signment of treatments to participants. Over the past few
decades, a variety of techniques have been developed for this
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purpose, including propensity score matching [18], principal
stratification [9], regression discontinuity analysis [12], and
others [19]. Such methods are only applicable in specific con-
texts, such as in a natural experiment in which an exogenous
event causes the treatment assignment to be essentially ran-
dom w.r.t. any variable that could conceivably influence the
outcome of the treatment itself (i.e., potential confounds).
In such situations, random assignment can be imputed post
hoc, and treatment effects can be estimated by comparing
the treated subjects to the untreated ones.

Our paper represents a case study in quasi-experimental
educational data-mining: We examine how learners, who
received computers as part of OLPC, are affected by new
device deployment in terms of their interactions with online
educational content. Our geographical focus is on Uruguay,
which was one of the largest (in terms of number of pupils
receiving a laptop) participants in the OLPC program [13].
During 2007-2016, the government of Uruguay together with
the Plan Ceibal organization distributed laptops and tablets
to over 750,000 pupils nationwide. The nearly universal im-
plementation of this program within Uruguay offers an op-
portunity to estimate a “new device effect” since there is no
selection bias of who receives a new device. We assess the
impact of new device deployment on two dependent vari-
ables: (1) the total number of interaction events with their
learning management system (LMS); and (2) the number of
attempted math exercises within their mathematics intelli-
gent tutoring system (ITS); in prior research, the number of
attempted exercises in ITS has been shown to correlate with
students’ performance on standardized math tests [7, 19, 8].

1.1 Related work
Many studies have examined the educational impact of OLPC
programs in general; however, the issue of new device de-
ployment within educational computing initiatives and how
they are perceived by and affect users, has received much
less attention. Oliver & Goerke [17] conducted a survey of
engineering and business students in Australia, Ethiopia and
Malaysia to assess learners’ willingness to adopt a new device
(the HP iPAQ) for educational purposes. One notable result
was that female students in the participating countries in-
dicated lower willingness to trial the new devices than their
male counterparts. In addition, Lai, et al. [14] surveyed
students in Hong Kong on their willingness to adopt new
educational technology and found that device compatibil-
ity with the students’ perceived learning styles would affect
their likelihood of using it. Neither study examined quanti-
tatively how new devices impact learning behaviors. Hence,
these works can be seen as complementary to ours in that
they seek to describe the interactions between different types
of learners and different types of educational technology that
might jointly influence their impact on learning.

1.2 OLPC in Uruguay & Plan Ceibal
Since 2007, Plan Ceibal has provided a computer to almost
every student in primary and secondary schools in Uruguay,
and also ensured Internet access in schools and as well as
public access-points. The initial goals were to reduce the
digital divide, promote digital inclusion, and ensure the in-
tegration of ICT in education. Since 2011, Plan Ceibal has
focused on providing the educational community with a wide
range of digital tools, such as an LMS, an ITS for mathe-

Figure 1: The CREA2 LMS used by Plan Ceibal. Students
can submit homework, send messages to teachers and other
students, view content posted by their teachers, etc.
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Figure 2: # devices delivered for 6th grade students in 2016

matics, a digital library, a videoconference system to teach
English as a second language and facilitate collaboration,
etc. The LMS managed by Plan Ceibal is called “CREA2”
and is shown in Figure 1. The math ITS is called “PAM”.

1.3 Device Delivery Process
Students’ devices are upgraded several times during the 9
years of basic education (ages 6-14 years): First graders (6
years old) receive a tablet which they use for two years. In
3rd grade they receive a new tablet which they use for one
year only. In 4th grade the tablet is replaced by a laptop,
which students use for three years. The laptops are then re-
placed during either 6th or 7th grade (see Figure 2). Within
each school, most (90% of primary and 70% of secondary)
students in each classroom receive their new devices at the
same time. The schedule is set by Plan Ceibal; larger schools
have priority, along with schools located close to the delivery
path, etc. While the delivery process is not strictly random,
the delivery dates are independent of many factors includ-
ing students’ prior LMS and ITS activity, the curriculum
the children are learning, dates of examinations, holidays,
life-changing events for students, etc. This helps to remove
many potential confounds that would impede the inference
of treatment effects.

2. EXPERIMENTAL ANALYSIS
We investigate the effect of new device deployment in terms
of two dependent variables: (1) ∆ LMS Interaction Events:
The increase in students’ activity (total number of interac-
tion events) with the CREA2 LMS after receiving their new
device compared to their activity before receiving it. (2) ∆
ITS Attempted Exercises: The increase in the number
of math exercises that students attempt to solve with the
PAM ITS after versus before receiving their new device.

2.1 Dataset
∆ LMS Interaction Events: The dataset includes each
student’s activity in the CREA2 platform on each day of
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Year Learners Active L. Deliv. dates Sch. Classr.

2015 13329 7276 21 526 809
2016 25898 16962 18 810 1378

Table 1: Plan Ceibal dataset: total # of considered learn-
ers, active learners, delivery dates, schools, and classrooms
containing students who received devices that year.
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Figure 3: Activity levels in the CREA2 (# actions) and
PAM (# attempted exercises) platforms during 2016. Top:
Average per-student monthly activity. Bottom: Histogram
of the logarithm of the total annual activity per student.

2015 and 2016, as well as the delivery dates of new devices
during that period. A large fraction of the students almost
never used the platform. Our focus is on the impact of new
devices on active students; hence, we limit the universe of
study to students who accessed the platform on at least 10
different days in a given year (this is the active user defini-
tion used at Plan Ceibal). We note that, even with this con-
straint, the median CREA2 activity level per month is low:
only 7 total actions. In addition, we focus exclusively on
6th graders (11 years old), who are the most active CREA2
users. Finally, we only consider delivery dates on which at
least 5 new devices were delivered. Table 1 summarizes the
sample sizes considered for each dataset for 6th grade.

∆ ITS Attempted Exercises: Data were available for
2016 (but not 2015) on 6th-grade students’ total math exer-
cises attempted each day. The universe of study is limited
to those students who attempted at least 100 exercises in
the year (active user definition at Plan Ceibal). In addi-
tion, during 2017 (but not 2016), the numbers of correct
and incorrect attempted exercises are also available. Fig-
ure 3 shows the overall activity levels in CREA2 and PAM.
The platforms are offered as a recommended tool for teach-
ers, but their use is not mandatory. Plan Ceibal provides
tutorials promoting their use, which are independent of de-
vice delivery dates.

∆ CREA2 activity: 1 month after v. 1 month before:
As a preview of our more detailed analyses below, Figure 4
shows students’ delta behavior, i.e., their CREA2 activity
during the month after each delivery date t, minus their
activity during the month before t. The blue curve shows
the deltas for learners who received a device on t (along
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Figure 4: Increase between the average monthly activity in
CREA2 after and before each delivery date t, for students
who received (blue) and did not receive (red) a device on
t, during 2016. The outer bands correspond to 2 standard
errors for each mean estimate. The numbers listed by each
blue point report how many students received a device on t.
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Figure 5: Normalized histogram of the monthly activity af-
ter t (for delivery date 2016-05-11).

with the number of such students), and the red curve shows
students who received a device (at least one month) after
t. If giving students a new device has a positive impact on
CREA2 activity levels, then we expect the blue curve to be
higher than the red curve (which it is).

2.2 Methodology
This is a quasi-experimental study enabled by the delayed
treatment design [10] that was used in deploying new de-
vices to students: Almost every student in every school who
participates in Plan Ceibal eventually receives a new de-
vice; hence, there is no selection bias as to who enrolled in
the program. In particular, (almost all) students within the
same grade of the same school receive their devices on the
same date, but these dates are essentially random across
schools. In particular, the delivery dates are independent of
the classroom curriculum and students’ prior activity on the
CREA2 and PAM platforms. In our analysis, we thus study
the effect of device delivery at each delivery date separately
and then average these estimates to estimate the average
treatment effect across all dates. We do note, however, that
our analysis is not immune to all possible confounds, e.g., a
relationship between the date of device delivery and whether
the school is located in an urban or rural environment.

2.2.1 Data model
Each learner’s activity in the CREA2 and PAM platforms
consists of count data. Suitable models for counts include
the Poisson and the negative binomial distributions. The
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advantage of the negative binomial is that the variance of
the distribution can be set independently of its mean to ac-
count for overdispersion of the data. Figure 5 shows the
normalized histogram of the total CREA2 activity after a
given delivery date t, overlaid onto Poisson and negative bi-
nomial probability density functions fit to the histograms us-
ing maximum likelihood estimation (Poisson log-likelihood
= -70647.08, negative binomial log-likelihood = -22066.75).
This comparison shows the clear overdispersion of the con-
sidered data, which makes the negative binomial a more ac-
curate approximation than the Poisson model.

Multi-level modeling: Because for each delivery date we
are considering students in the same school, and possibly
in the same classroom, the activity data for them will be
correlated. Hence, a multi-level modeling approach is em-
ployed where the classroom effect on the student’s activity,
often determined by the teacher, will be modeled as a ran-
dom effect. We only consider deviations of the intercept of
a classroom from the overall intercept; random slopes are
not considered. Therefore, we propose to model student i’s
activity N months after the delivery date t (i.e., between
t + ((N − 1) months) and t + (N months)) as a negative-
binomial random variable with expected value Ait given by:

log(Ait) = et + γ0tbit + γ1tdit + Ct, (1)

(capital letters denote random variables and lower-case de-
note fixed values). The case N = 1 corresponds to the activ-
ity during the month right after the delivery date. We define
a “month” to be 4 weeks (28 days). et is the baseline activity
in the same time period considered for Ait. bit is student
i’s activity during the month before the delivery date t. di
is a boolean variable taking value 1 if student i got a new
device on t and 0 otherwise. The fixed effects γ0t and γ1t
represent the effect on the activity N months after t, of the
activity during the month before t, and the device delivery,
respectively. The random effect of classrooms is represented
by the random variable Ct, assumed to follow a zero-mean
Gaussian distribution and standard deviation σCt . A nested
classroom-school random effect was also explored, but it was
discarded because the results were very close.

Gender: Oliver & Goerke [17] found that female students
(in Australia, Ethiopia and Malaysia) reported different atti-
tudes towards educational technology than their male coun-
terparts. Might device deployment affect Uruguayan girls
and boys differently in terms of CREA2 activity? To inves-
tigate, we extended the Model 1 with a boolean variable git
representing the student’s gender as well as an interaction
between git and the device delivery variable dit.

Treatment effect: When computing the device delivery
effect of a given delivery date t, we compare students who
received a device on t (treatment group), to students who
received a device on t∗ > t+(N months) (control group). In
particular, we make sure to exclude from the control group
those students whose treatment occurred within N months
of students in the treatment group. This analysis is consis-
tent with a delayed treatment design.

2.2.2 Combining per-date estimates
For each of the M considered delivery dates, we compute the
maximum likelihood estimator (MLE) of the device effect

γ1t, as well as its associated standard error SEγ1t . Because
different number of students receive/do not receive their de-
vices on each date, the standard errors SEγ1t will vary across
dates. We model the M estimates {γ1t}t=1,...,M , as inde-
pendent samples of Gaussian random variables with equal
mean γ1 and different standard deviations SEγ1t . Then, the
MLE of the device delivery effect γ̂1 is given by averaging
the individual γ1t’s weighted by the inverse square of their
standard errors. From γ̂1 and its standard deviation we can
compute confidence intervals, and perform a t-test to assess
the statistical significance of the device delivery effect [2].

To ensure that the treatment effect estimates {γ1t}t=1,...,M

across delivery dates are statistically independent, each group
of students belonging to the same classroom is used to esti-
mate the treatment effect for one delivery date only. That
is, all the classrooms under consideration are partitioned
over delivery dates, and the treatment effect for each date
is computed only from the students assigned to that date.
Some of these students will be in the treatment group (those
who received the device that day) and others will be in the
control group (those who received the device later).

To partition students across delivery dates, we used a greedy
algorithm whereby one classroom is assigned to a delivery
date at a time: For each classroom, one of the M delivery
dates t is chosen with probability pt, which is inversely pro-
portional to the total number of students already assigned
plus the total potential number of students that could be
assigned to each date – thus favoring dates not yet assigned
and with few potential students. We ran this procedure 100
times and selected the assignment with smallest variance in
the number of students assigned per date, which helps to
avoid possible numerical issues in model estimation.

Implementation: Models were fit using the glmer.nb func-
tion of the R lme4 package. To detect possible convergence
problems, each experiment was run using several different
optimizers and consistent results were verified [1].

3. RESULTS I: LMS INTERACTIONS
Table 2 shows the estimated effects (averaged over all de-
livery dates) of delivering a new device on the number of
CREA2 interaction events, for 2015 and 2016. Since the
computed effects are in logarithmic scale (see Equation 1),
a log-effect of 0 corresponds to exp(0.0) = 1.0 in the origi-
nal scale, i.e., no impact on CREA2 activity, whereas 0.76
equals exp(0.76) = 2.1 in the original scale, i.e., a 110% ac-
tivity increase. Table 3 shows the average, over all delivery
dates, of the rest of Model 1 parameters in original scale.

Even after accounting for class-specific random effects as
well as students’ prior baseline activity levels, we observe
a clear CREA2 activity boost in the 1 month fol-
lowing the device delivery (first row in Table 2): a rela-
tive effect of exp(0.76) = 2.14 (114% increase) for 2015 and
exp(0.40) = 1.49 (49% increase) for 2016. In other words,
while the absolute increases are low (due to the low overall
CREA2 activity usage – Figure 3), the relative effect is high.
Results for 2016 tend to be less noisy because the activity
levels are larger compared to 2015. Though present in both
years, the effect clearly decreases from 2015 to 2016.
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2015 2016

all class. class.≥10 stud. all class. class.≥10 stud.

N-months γ̂1 SEγ̂1 γ̂1 SEγ̂1 γ̂1 SEγ̂1 γ̂1 SEγ̂1

1 0.76 0.12 ***0.69 0.14 *** 0.40 0.04 ***0.41 0.04 ***

2 0.84 0.13 ** 0.80 0.15 * 0.20 0.04 ** 0.19 0.04 *
3 0.83 0.27 0.50 0.29 0.31 0.14 0.28 0.13

Table 2: Effects of delivering a new device to each student
on their CREA2 activity for academic years 2015 and 2016,
over a period of N = 1, 2, 3 months, in logarithmic scale.
Weighted averages, together with their corresponding stan-
dard errors, are reported. Significance codes: 0 (***), 0.001
(**), 0.01 (*), 0.05 (.), 0.1, () 1.

Fixed Random Fixed Random
eff. eff. eff. eff.

year e γ0 σC year e γ0 σC

2015 1.17 1.06 3.18 2016 5.92 1.02 2.88

Table 3: Average of the model parameter estimates among
delivery dates in the original scale.

Temporal evolution: The second and third rows of Ta-
ble 2 show the estimates of the effect of device delivery in
students’ monthly CREA2 activity 2 and 3 months after the
delivery date, respectively. The effect is still present two
months after the delivery date, and it appears to be stable
in 2015 and to decrease in 2016. The effect is not statisti-
cally significant three months after delivery; this may due to
the small number of samples available at that time. (Note
that examining N > 3 was not possible since there were too
few students who had not yet received a device who could
serve as a control group.)

Classroom size: No significant differences are observed
when comparing the estimates considering all classrooms or
only those with at least 10 students (see Table 2).

Highly active students: We also conducted the analysis
on only those students who accessed CREA2 on at least
25 different days in 2016. (Note that 2015 data could not
be analyzed due to small sample size.) The results were
consistent with what we found above for all students, with
43% activity increase right after receiving the new device.

Activity change: To investigate what kinds of CREA2
activities were affected, Figure 6 shows the percentage of
the monthly activity increase, at different time points (the
month before t, the month after t, and two and three months
after t), of the students who received the device on t relative
to those who received it after t. For instance, the aver-
age increase in the number of comments posted during the
month following t, by the students who received their new
device on that date, was 70% larger than that of students
who received their device later in the year. For some ac-
tivity types, the boost is larger and remains longer in time
(e.g., comments posted, item submissions). Note that the
sum over all activities at the first time-point (t− 1) should
be close to zero, denoting similar total activity for all users
before device delivery.

Gender effect: Using the extended model to support pos-
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Figure 7: Histogram of ∆ CREA2 activities of treated stu-
dents (over all delivery dates) w.r.t. median activity of un-
treated students.

sible gender effects, we found a clear difference on the total
activity: girls performed about 32% more total CREA2 ac-
tivity compared to boys in 2015 (and 28% more in 2016).
We observed no significant difference, however, in the effect
of device delivery between boys and girls.

Who drives the effect?: Was the the boost in CREA2
activity driven by a large increase among a small number
students? To explore this question, we calculated the change
(∆i) in CREA2 activity level for each student i before/after
treatment, minus the median change in activity level for all
untreated students. We then computed a histogram over the
∆i values over all students and delivery dates in 2016. The
histogram is shown in Figure 7. Since there is a positive and
statistically significant treatment effect, the mean of the his-
togram is greater than 0. The histogram also shows smooth
gradation from small effects to large effects and provides ev-
idence that the average treatment effect is due to increased
activity levels among many students, not just a few.

4. RESULTS II: MATH PROBLEM ATTEMPTS
Similar to the analysis of device deployment on students’
CREA2 LMS activity, we used the same model (Eq. 1) to
assess the potential impact on the number of attempted ex-
ercises in the PAM math ITS provided by Plan Ceibal.

Results: A positive (γ̂1 = 0.63, SEγ̂1 = 0.14) and statisti-
cally significant (p < 0.01) effect is observed during the one
month following the device delivery, with a 87% increase in
the total attempted exercises (exp(0.63) = 1.87). The ef-
fects observed two and three months later are small and not
statistically significant, suggesting that the boost disappears
over time.

5. CORRECTNESS OF MATH EXERCISES
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In addition to the number of attempted math exercises, we
also explored whether receiving a new device helps students
to complete exercises correctly. Possible reasons include: (1)
the new device has a better user interface that helps stu-
dents avoid careless data-entry errors; and (2) the learners’
improved user experience encourages them to practice more
often and thereby improve their math skills.

To assess the impact of device deployment on correctness
(0 − 1 scale) of submitted exercises, it was not possible to
use the same methodology as for LMS activity. The reason
is that PAM data on correct/incorrect exercises are available
only for 2017, and during this year only a small number of
6th grade students received a device. Hence, we resorted to
a correlational analysis in which we estimated the change
in exercise correctness without a control group. In particu-
lar, we estimated the treatment effect based on the average
accuracy N months after device delivery minus the average
accuracy N months before delivery, and averaged across all
treatment dates. Because no control group is used (unlike
in the previous analyses), there may be confounding factors
affecting this analysis.

Results: None of the average delta accuracies for 4th, 5th
and 6th grade, computed either on individual students (∆accS)
or on classrooms (∆accC), was statistically significant.

6. DISCUSSION
The results suggest that receiving new devices resulted in a
strong relative increase in learners’ CREA2 LMS ac-
tivity: 114% in 2015 and 49% in 2016. Within sensitivity
analyses based on academic year (2015 and 2016), class-
room size, and students’ baseline activity levels, we found
that the trends were similar: new devices result in increased
LMS activity. Moreover, the boost in activity persists up to
3 months after device delivery. We note again that the ab-
solute average CREA2 activity levels were very low; hence,
the increase may only amount to a few extra logged events
(about 10 extra actions per student per month).

Receiving new devices not only increases the activity but
also alters the kind of activities performed in the plat-
form (Section 3). The fact that device delivery increases
(w.r.t. learners who did not receive a device) the number
of comments and resource visits even more than just visits
(which reflects merely accessing the CREA2 web page) sug-
gests that learners are engaging more substantively with the
LMS after receiving their new device.

Within the math ITS, we observed that, during the 1 month
after receiving a new device, learners attempted to solve
more (88%) math problems. However, the results were
not statistically significant two and three months after deliv-
ery, suggesting that the impact is short-lived. We found no
evidence (given the limited data available in 2017) that new
devices resulted in higher accuracy of attempted exercises.

6.1 Possible explanations
Novelty: Receiving a brand-new device could potentially
increase students’ motivation to use them, but the effect
might diminish over time. In our data, we do observe that
the LMS activity boost, as well as the boost in number of
attempted ITS math exercises, declines over time (though

more strongly for the ITS than for the LMS) after receiving
a device declines – which suggests possible novelty effects.

Availability: Oftentimes, devices are not available to stu-
dents because of recurrent failures. Hence, receiving a new
device not only means having a new, more performant one
but having a working device at all. It is possible that a
student who suddenly (due to device deployment) regains
access to a working computer might resume CREA2 activ-
ity at a much higher level after receiving it. The strong
activity gains we observe are compatible with this hypothe-
sis (though they cannot directly confirm it).

7. SUMMARY AND CONCLUSIONS
We conducted a quasi-experimental analysis (on 24,000 learn-
ers over 2 years) to estimate the treatment effect of giving
OLPC students new computers. We harnessed the facts that
(1) all students were eventually treated, so that there was no
selection bias, and (2) the device deployment schedule was
random w.r.t. a variety of potential confounds (e.g., stu-
dents’ prior LMS/ITS activity). The main results include:

(1) When students receive a new device, they interact more
with their schools’ LMS and engage more (attempt more
exercises) with their math ITS, compared to learners who
had not yet received a device upgrade. To the extent that
increased engagement with educational content and practice
in solving exercises contributes to students’ learning [7, 19,
8], OLPC programs should try to provide students with up-
to-date devices in a timely and cost-effective manner.

(2) While conducting these analyses we discovered that the
absolute baseline activity levels of many learners in the ex-
amined dataset were very small. This raises the question
of whether teachers are receiving proper training on how to
use online learning resources effectively and how to instruct
and encourage their learners to engage with them.

(3) Our study indirectly raised the question of how often a
new device delivery simply replaces a device that had broken.
For researchers who wish to assess the potential benefits of
OLPC programs, it is important to take into account how
many students truly have access to a working device (not
just a broken one). For administrators, it underlines how
technical support may play an important role in ensuring
the success of large-scale educational computing initiatives.

(4) The fact that new device deployment increases CREA2
and PAM activities – even if the effects are transient – is
evidence that learners’ activities can be incited to engage
more with educational platforms. One way is through re-
newed hardware, as explored in this paper. Another way is
to help teachers to use these platforms more effectively [22].

Future research: It would be interesting to explore whether
novelty, new features, or replacing broken hardware con-
tributes more to the overall treatment effect; to this end, it
would be useful to ask learners themselves about how they
perceive and interact differently with new devices.
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