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There is growing interest in teaching computer science and pro-
gramming skills in schools. Here we investigated the efficacy of
peer tutoring, which is known to be a useful educational resource
in other domains but never before has been examined in such a
core aspect of applied logical thinking in children. We compared
(a) how children (N = 42, age range = 7 years 1 month to 8 years
4 months) learn computer programming from an adult versus
learning from a peer and (b) the effect of teaching a peer versus
simply revising what has been learned. Our results indicate that
children taught by a peer showed comparable overall perfor-
mance—a combination of accuracy and response times—to their
classmates taught by an adult. However, there was a speed–accu-
racy trade-off, and peer-taught children showed more exploratory
behavior, with shorter response times at the expense of lower
accuracy. In contrast, no tutor effects (i.e., resulting from teaching
a peer) were found. Thus, our results provide empirical evidence in
support of peer tutoring as a way to help teach computer program-
ming to children. This could contribute to the promotion of a wide-
spread understanding of how computers operate and how to shape
them, which is essential to our values of democracy, plurality, and
freedom.
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Introduction

Computer programming is of utmost relevance in our current digital world. Children, although dig-
ital natives, do not learn these skills by themselves, and schools are increasingly interested in teaching
them. However, programming education has its difficulties, and alternatives are worth considering. In
this study we examined peer tutoring as one such alternative to help teach programming languages to
children.
Computer programming in a digital world

Today’s world is flooded by digital technologies. Computers surround us in permanent and increas-
ing communication among them. This ever growing computer network is deeply intertwined with our
social network and underlies many aspects of our societies today (van Dijk, 2010; Fundación Sadosky,
2016; President’s Council of Advisors on Science and Technology, 2010). For example, the internet, our
largest computer network, which had 1.1 billion users in 2005, is currently used by more than 4 billion
people, comprising more than half the world population (International Telecommunications Union
[ITU], 2021). On the other hand, employment in the information technology sector increased 30% from
2015 to 2020 in Argentina (Observatorio Permanente de la Industria del Software y Servicios
Informáticos [OPSSI], 2021) and increased from 2.6% of the country’s total employment to 3.3% from
2010 to 2017 in Germany (International Labour Organization [ILO], 2020), for example. With comput-
ers at the foundations of our worldwide society, understanding how they operate and how to shape
them turns us from passive consumers into active actors (Resnick et al., 2009) and is fundamental
for freedom (Söderberg, 2012). Computer programming is the way we humans communicate with
these machines and the networks they belong to and control what they do. It consists in designing
and building sets of instructions interpreted by a computer to accomplish a specific task (Dalbey &
Linn, 1985; Fundación Sadosky, 2016; Papert, 1980). There is a variety of languages for computer pro-
gramming, and understanding them is becoming increasingly important (Fedorenko, Ivanova,
Dhamala, & Bers, 2019; Fundación Sadosky, 2016). In addition, not only does learning to code improve
computer programming skills, but there also is evidence from prekindergarten to university that it
transfers to other general cognitive skills as well such as creativity, spatial cognition, mathematical
skills, and reasoning (Fundación Sadosky, 2016; Resnick et al., 2009; Scherer, 2016; Scherer, Siddiq,
& Sánchez Viveros, 2019).
Programming education

Children become software and hardware consumers at increasingly earlier ages (Rideout & Robb,
2020). However, being digital natives is not necessarily accompanied by learning how these technolo-
gies work (Martinez, Gomez, & Benotti, 2015). As a result, there is growing interest in integrating pro-
gramming courses at all educational levels (Fessakis, Gouli, & Mavroudi, 2013; Gülbahar & Kalelioğlu,
2014). It has even been considered a new literacy just like reading or math (Fedorenko et al., 2019;
O’Reilly, 1998; Voogt, Fisser, Good, Mishra, & Yadav, 2015; Wing, 2006), and many schools, districts,
and countries have acknowledged the importance of including computer programming in their curric-
ula (Balanskat & Engelhardt, 2015; Brinda, Puhlmann, & Schulte, 2009; Brown et al., 2013; Consejo
Federal de Educación, 2018; Fundación Sadosky, 2016; Kalelioğlu, 2015). For example, in the United
States, 20 states had established a requirement for all high schools to offer computer science as of
2020 compared with only 4 states in 2017 (Code.org, Computer Science Teachers Association
[CSTA], & Expanding Computing Education Pathways [ECEP] Alliance, 2020). But teaching children this
new literacy is not an easy endeavor. Recently, new programming languages have emerged that cre-
atively managed to reduce the syntactic and semantic difficulties of traditional ones (Wyeth, 2008) to
the point of becoming completely visual. These visual languages let users manipulate program ele-
ments graphically rather than specifying them textually and thus are particularly suitable for children
(Maloney, Resnick, & Rusk, 2010; Resnick et al., 2009). However, teaching to code still poses some
2
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difficulties on its own. A variability of teaching methods without a clear understanding of which are
useful in what contexts, a lack of teaching standards and of trained teachers (Fundación Sadosky,
2016), and a long tradition of information technology classes that focus on soft computer skills such
as word processors, spreadsheets, and other office tools (Benotti, Martínez, & Schapachnik, 2014;
Fundación Sadosky, 2016; Resnick et al., 2009) are some examples of these difficulties. These may
be especially relevant for girls given that many studies have described that girls may have lower per-
formance and interest in technical domains than boys (Edwards, Coddington, & Caterina, 1997; Hill,
Corbett, & St. Rose, 2010; Nourbakhsh, Hamner, Crowley, & Wilkinson, 2004).

Collaborative learning

There is no perfect recipe for learning a new skill. For example, although learning from a knowl-
edgeable teacher in a traditional setting does promote rapid and efficient learning, it may also present
some drawbacks such as limiting spontaneous exploration and discovery (Bonawitz et al., 2011).
Hence, and considering the difficulties of teaching to code, it may be worth examining alternatives
to traditional teaching practices. One such alternative is learning from a peer, or peer tutoring, which
has been shown to benefit tutees as well as tutors (Cohen, Kulik, & Kulik, 1982; Roscoe & Chi, 2008;
Topping, 2015) in a variety of knowledge domains (de la Hera, Sigman, & Calero, 2019; Topping, 2017),
and it is among the most cost-effective teaching strategies (Levin, Glass, & Meister, 1987). However,
research in peer tutoring is complex. Results are highly variable, and they depend on a multitude of
factors such as the targeted subject matter, the age of the participants, and the availability and fre-
quency of tutor training, among many others (Bowman-Perrott et al., 2013; Leung, 2015). For instance,
a 2006 experimental study (Shamir, Tzuriel, & Rozen, 2006) assessed peer tutoring effects on mathe-
matical skills for tutors and tutees. The study was cross-age (third-grade tutors and second-grade
tutees) and compared tutor–tutee dyads where the tutor had received specific tutor training versus
dyads where they had not. Gains were found for both tutors and tutees, but only when tutors had
received tutor training. In addition, most studies have focused on math and reading, and although peer
tutoring has proved to be useful across all educational levels, the largest effects are usually found in
secondary school (Leung, 2015).

Collaborative programming

Collaborative approaches have also been considered by the software industry. Pair programming,
for example, is a practice that involves two developers collaborating as a single individual on the
design, coding, and testing of the same programming task. This practice has been shown to be produc-
tive and to render higher-quality code than either developer may produce alone (Lui & Chan, 2006;
Nosek, 1998; Williams, 2001; Williams, Kessler, Cunningham, & Jeffries, 2000; Williams &
Upchurch, 2001), especially with novice programmers or challenging programming problems (Lui &
Chan, 2006), and positive effects have been found in educational contexts as well (Braught, Wahls,
& Eby, 2011; Tunga & Tokel, 2018; Umapathy & Ritzhaupt, 2017). Another popular practice involves
explaining line by line what a nonworking piece of code is supposed to do. This forces the programmer
to clarify and structure the explanation, helping him or her to find where the cause of the problem is in
a fashion similar to how explanation and teaching are proposed to foster learning and understanding
(Duran, 2017; Legare & Lombrozo, 2014; Roscoe & Chi, 2008). This technique is usually referred to as
rubber duck debugging given that it is known to work even when the code is explained to an inanimate
agent such as a rubber duck (Hunt & Thomas, 1999; Phillips, Lockton, Baurley, & Silve, 2013).

A gap in the literature

Although previous studies have examined collaborative learning in programming education (Silva,
Mendes, & Gomes, 2020), no study has addressed peer tutoring of programming languages in children
and how it can help to tackle some of the difficulties of teaching to code. This is particularly surprising
given the increasing importance attributed to learning to code, the growing interest in teaching com-
puter programming from elementary school or even kindergarten, the recognized effectiveness of peer
3
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tutoring in a variety of fields, and the experience from the software industry. Peer tutoring is partic-
ularly appealing in this field given that children are digital natives and sometimes even outperform
some of their teachers in this subject matter (Benotti et al., 2014). Some studies have come close to
the topic, but no study has made it its focus of attention. For example, some studies have addressed
attainment of basic computer literacy by unsupervised groups of young children, but they have not
covered computer programming (Mitra et al., 2005). On the other hand, there are a few studies about
peer tutoring and peer assessment of computer programming, but they have focused on older (sec-
ondary school and college) students (Altintas, Gunes, & Sayan, 2016; Golding, Facey-Shaw, &
Tennant, 2006) and some of them are exploratory rather than experimental (Edwards et al., 1997).

The current study

In this study, we addressed peer tutoring as a way to help teach programming languages to chil-
dren. To this end, we used a custom adaptation of a programming platform designed for them. First,
we studied whether children can teach other children to program by comparing coding skills and res-
olution strategies developed by (a) children who were taught by an adult and (b) children who learned
from a peer. On the other hand, we also looked into whether children benefit from teaching others by
comparing (a) children who taught a naive peer with (b) children who revised the instruction mate-
rials alone.

Based on previous research on peer tutoring and peer programming practices, we expected that
children taught by their peers would perform better than children not taught at all and would perform
as well as, or even better than, children taught by an adult in a group class. We also expected that chil-
dren who taught their peers would perform better than children who revised the instruction materials
alone on both immediate and delayed reevaluations. In addition, although there is some evidence that
boys perform better than girls in STEM (science, technology, engineering, and mathematics), these dif-
ferences would largely be due to social convention stereotypes (e.g., see Beilock, Gunderson, Ramirez,
& Levine, 2010; Dar-Nimrod & Heine, 2006) and we expected that children in our study might be too
young to have been affected by them. Performance was assessed using a combination of accuracy and
response times, as is frequently done in school tests, but these variables were considered separately as
well.
Method

Participants

A total of 44 second graders (28 female) participated in the study. All were authorized children
from two second grades (whose teachers agreed to participate) in a medium- to high-SES (socioeco-
nomic status) bilingual school in Buenos Aires, Argentina, with which we had worked in the past. Data
from only 2 children (both female) needed to be eliminated (1 child because her test session needed to
be interrupted and the other child because she had difficulties in understanding the game). Ages of the
42 remaining children (26 female) ranged from 7 years 1 month to 8 years 4 months, with a mean age
of 7 years 10 months. Sessions took place outside of the classroom in a quiet room provided by the
school for the purpose of this study.

All children’s parents or legal guardians gave signed voluntary consent previously authorized by an
ethical committee.

Programming platform

The LEGO EducationWeDo set (Mayerová & Veselovská, 2014)was used,marketed for children from
7 years of age (Kazakoff, Sullivan, & Bers, 2013) and already used in previous studies with children
around this age (Mayerové & Veselovská, 2017; Pinto-Llorente, Casillas-Martín, Cabezas-González, &
García-Peñalvo, 2018). This programming platform comprises (a) a programming language,
(b) a program editor, (c) an interpreter, and (d) a programmable environment. The programming
4
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language is a visual icon-based language similar to the Massachusetts Institute of Technology’s (MIT)
Scratch Jr. (Flannery et al., 2013). It includes a series of blocks, each conveying a different command.
In the program editor, blocks are dragged from the blocks’ panel onto the editor’s canvas and are
snapped one next to the other to build block sequences or programs (Fig. 1A). These programs are read
by the interpreter to operate on the platform’s programmable environment, which is composed of (a) a
virtual screen located near the top left corner of the computer’s screen, (b) the computer’s speakers, and
(c) a LEGO-brick physical robot built by us with a rotating arm, resembling a clock facing upward.

The programming language can be understood as operating on five different variables that describe
the state of the programmable environment at any one moment. First, the image (img) variable
describes the image content of the environment’s screen, and it can take values 1–20, each represent-
ing a different image, or 0 for a white/empty image. Second, the text (txt) variable describes the text
content of the environment’s screen, and it can take any string value given by the user. Third, the posi-
tion (pos) variable describes the position of the robot’s arm in degrees, and it can take values 0 to 360.
Fourth, the rotation (rot) variable describes whether the robot’s arm is rotating and in which direction,
and it can take values +1, �1, or 0 for clockwise, counterclockwise, and no rotation, respectively. Fifth,
Fig. 1. Methods. (A) Screen capture. A screen capture shows the programming platform, with a block sequence built on the
editor’s canvas and the software environment in test mode on Trial 2, with the trial video paused at 3 s (see ‘‘Programming
platform” and ‘‘User interface” sections for full details). The editor’s canvas was shrunk to optimize presentation. (1) Program
editor blocks’ panel. (2) Program editor’s canvas. (3) Programmable environment screen with img = 11 and txt=‘‘” (empty
string). (4) Video player screen paused during playback; current trial number is shown at the top (‘‘JUEGO 2”: Trial 2). (5)
Play/pause button showing as play because video is paused. (6) Reload button. (7) Next trial button. (8) Previous trial button. (9)
Reset programmable environment button. (B) Example trial video. Top: Four frames from an example trial video are shown. The
playback time (in seconds) is shown in the bottom left corner of each frame. Each frame represents a different state of the
programmable environment, described by the value of five variables (see ‘‘Programming platform” and ‘‘Trial videos” sections
for full details), shown here in a square in the bottom right corner of each frame (img, image; txt, text; pos, position; rot,
rotation; snd, sound; see main text). The playback time and the variables’ square do not appear in the real videos. Bottom:
Beneath the video frames, the block sequence or program that recreates the series of events depicted in the video is shown.
Duck clip art designed by brgfx/Freepik.
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the sound (snd) variable describes the sound being played by the computer’s speakers, and it can take
values 1–20, each representing a different sound, or 0 for no sound.

The programmable environment is initialized with state [img = 0, txt=‘‘” (empty string), pos = 0,
rot = 0, snd = 0] for all trials. A two-sided cardboard catalog was printed, with all images available
and their corresponding values (including 0 for white/empty image) on one side and all sounds (rep-
resented with icons) and their values on the other side (see online Supplementary Methods 1).

Block sequences (programs) are built on the editor’s canvas by attaching command blocks one next
to the other. Eight command blocks were available in this study; some of them (transitive) accept an
additional argument block attached below to further define the command (see Supplementary Meth-
ods 2). The interpreter reads block sequences from left to right and updates the state of the pro-
grammable environment accordingly (Fig. 1B). For example, the image block updates the img
variable when read by the interpreter. Changes in the programmable environment’s state are referred
to as events.

User interface

For this study, we developed a user interface laying between the user and the WeDo programming
platform. Its purpose was to avoid undesired interactions with the platform and to provide an ade-
quate frame, including a series of exercises or trials to evaluate participants’ learning of the program-
ming language (Fig. 1A).

Regarding control of user interaction, to simplify the programming language, a limited subset of
blocks from the editor’s block panel was made available, whereas the rest of the blocks were concealed
and disabled behind the overlay interface. In addition, other undesired user interactions with the pro-
gramming platform and with the computer’s operating system were blocked such as closing the pro-
gram editor’s block panel, the programmable environment’s screen, or the programming platform
altogether, adjusting the computer’s volume, and turning the computer off, among many others.

On the other hand, to provide an adequate evaluation frame, we also included a video player and a
trial navigator (Fig. 1A). The video player showed one video per trial, each presenting a series of events
(changes in the programmable environment’s state), which children needed to reproduce program-
matically by building block sequences (see Fig. 1B and ‘‘Trial videos” section). The video player pro-
vided a play/pause button to start, pause, and resume playback as many times as desired and
provided a reload button to restart playback from the beginning. The trial navigator included next
and previous buttons to go back and forth through the trials as desired. Each time one trial was
accessed through the trial navigator, it was counted as one attempt for that trial, and block sequences
placed on the editor’s canvas were remembered between attempts of the same trial. Participants could
reinitialize the programmable environment’s state at any time with a reset button (Fig. 1A).

Because participants could go to the next trial at any moment, regardless of their performance and
without getting any feedback, a self-assessment screen was included to discourage compulsive ‘‘next
clicking.” For each trial’s first attempt, when the next trial button was clicked, the user was presented
with the self-assessment screen for that trial. It asked the user if he or she was able to successfully
copy the video of the trial that had just been attempted and provided three buttons, each with a traffic
light icon: ‘‘yes” (green light), ‘‘so so” (yellow light), and ‘‘no” (red light). If the user responded ‘‘yes,”
the self-assessment screen was closed and the next trial (if any) was presented. If the user responded
‘‘so so” or ‘‘no,” the user was asked to confirmwhether he or she wanted to proceed to the next trial or
return to the previous trial instead.

The overlay user interface could be run in one of three modes: introduction and training modes,
used in the instruction and peer-tutoring/self-revision stages; and test or retestmodes, used in the test
and retest stages (see ‘‘Procedure” section below; see also Supplementary Methods 2).

Trial videos

Trial videos show a series of events, each involving one or more of the img, txt, pos, rot, and snd
variables, which participants needed to reproduce by building block sequences or programs
(Fig. 1B). Trial videos contain (a) a copy of the programmable environment’s screen in the top left cor-
6
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ner to indicate changes in the img and txt variables; (b) an area in the top right corner where the icons
that represent sounds may appear, accompanied by their corresponding sounds, to indicate changes in
the snd variable; and (c) a top-view representation of the robot and its rotating arm to indicate
changes in the pos and rot variables. All videos start with the programmable environment’s initial
state [img = 0, txt=‘‘”, pos = 0, rot = 0, snd = 0]; the first event occurs at 1 s and the remaining events
occur every 2 s (see Fig. 1B for an example; full videos are available at https://gitlab.com/diegodlh/
lego-wedo/-/tree/master/videos).

In test and retest stages, 10 videos were presented in the same order to all participants, showing
increasingly complex series of events (see Supplementary Methods 3). Videos in retest were isomor-
phic to videos in test, meaning that they showed events involving the same variables but with differ-
ent values, to promote engagement (Smith et al., 2009). For example, if the second event in Test Video
3 involved changing img from 0 to 5 (image of the woods), the second event in Retest Video 3 involved
a change in img as well but from 0 to 7 (image of a desert) instead.

Procedure

Children participated in three or five stages (see Supplementary Methods 4).

Instruction stage
First, two thirds of the participants in each class were assigned to the adult-taught condition

(n = 27). In same-class mixed-gender groups of 4 or 5 children, they were given a 20-min tightly
scripted lesson by an adult instructor. Children sat at the table one next to the other facing a note-
book’s screen, with the instructor standing to their left. The lesson consisted of two parts. In the first
part, the basics of the programming language were taught following a 23-page instruction book (see
Supplementary Methods 1) and using the user interface in introduction mode without video player or
trial navigator. The robot remained out of sight to avoid distractions until it was revealed by the
instructor when necessary. In the second part, the user interface was used in training mode, and
two example trials were presented. The adult instructor paused the sample videos on each of the
events and built the block sequence that reproduced them. At the end of each trial, the correct solution
was shown in an examples book (see Supplementary Methods 1) and was checked against the
sequence built. Mouse, keyboard, and instruction materials were under sole control of the adult
instructor in both parts.

Test stage
Then, on average 4 days later (min = 2, max = 7), children taught by an adult were evaluated indi-

vidually on 10 trials with the user interface in test mode. Following a tight script, participants were
told that they needed to use the blocks from the editor’s block panel to copy what appeared in the
videos. The video player, trial navigator, and self-assessment buttons were explained as well. Then,
the researcher gave participants the images and sounds catalog (see Supplementary Methods 1),
opened Trial 1, and left the room. The researcher reentered the room when the session was over
20 min later and rapidly reviewed children’s responses by simply congratulating them for their work
in each trial without giving extra feedback about their performance.

Peer tutoring/self-revision stage
Next, adult-taught children were divided into two groups of equivalent performance: tutor (n = 15)

and control (n = 12) groups. A third group included children who had not participated in the preceding
instruction and test stages: peer-taught group (n = 15). Children in the tutor group were paired with
same-gender classmates in the peer-taught group and were asked to teach their peers so that they
could play as well (peer-tutoring condition; on average 7 days after test stage). The tutor was given
the same instruction materials used by the adult instructor in the instruction stage, and up to
40 min were provided (see Supplementary Methods 2). On the other hand, children in the control
group were asked to revise the instruction materials on their own so that they would play even better
next time (self-revision condition; on average 7 days after test stage). The procedure ensured that the
self-revision condition was as similar as possible to the peer-tutoring condition, with the only differ-
7

https://gitlab.com/diegodlh/lego-wedo/-/tree/master/videos
https://gitlab.com/diegodlh/lego-wedo/-/tree/master/videos


D.P. de la Hera, María B. Zanoni, M. Sigman et al. Journal of Experimental Child Psychology 216 (2022) 105335
ences being (a) social (individual vs. paired) and (b) motivational (revising to improve performance vs.
teaching to let a peer play as well). It is worth noting that to make sure that being taught by a peer was
not the same as not being taught at all, a complementary study was conducted where the peer-taught
group was replaced with a non-taught group (see Supplementary Discussion 1).
Final stage
In this stage, all children were evaluated. In the peer-taught children’s test, peer-taught children

were evaluated for the first time with the same test that their peers were given in the test stage. This
test was compared with the adult-taught children’s test above to assess the effect of learning condi-
tions (see Results). This took place on average 5 days after being taught by a peer (min = 2, max = 7). In
the adult-taught children’s retest, on the other hand, controls and tutors were evaluated for the second
time with the user interface in retest mode. Trial videos in this mode were different but isomorphic to
videos in the test mode (see ‘‘Trial videos” section). This retest was used to assess the teaching effect
(see Results). This took place on average 9 days after peer tutoring for tutors and 8 days after self-
revision for controls.
Follow-up stage
To test whether teaching a peer had an effect on long-term retention, we evaluated all groups again

2 years later. Only the interface was explained to them again, but no further instructions about the
programming language were provided (see Supplementary Discussion 2).
Accuracy

Accuracy was calculated for each trial by quantifying the difference between (a) the block sequence
built by participants and (b) the correct sequence for that trial, that is, the shortest block sequence that
recreated the series of events portrayed in the trial video (see Supplementary Methods 3). To do so, the
Levenshtein distance was used, which counts the number of steps to go from one sequence to another,
that is, the number of blocks that need to be removed or inserted (Levenshtein, 1966; Soukoreff &
MacKenzie, 2001). In general, the sequence at the end of a trial’s last attempt was taken as partici-
pants’ response for that trial (see Supplementary Methods 2). If more than one sequence was available
on the editor’s canvas, the best matching sequence was used.

To easily measure the Levenshtein distance between sequences, command and argument blocks
were translated into ASCII characters according to a translation table (see Supplementary Methods
5) such that one block = one character. Levenshtein distances can take values from 0 to the sum of
the lengths of the sequences being compared. To work with values that are independent from
sequence lengths, the following ratio r was used:
r ¼ 1� d
len seq1ð Þ þ len seq2ð Þ ; ð1Þ
where d is the Levenshtein distance between sequences seq1 and seq2 and len(seq) is the length of
sequence seq. Ratio r ranges from 0 if seq1 and seq2 share nothing in common to 1 if they match per-
fectly. See Supplementary Methods 2 for full details of the Levenshtein distance implementation used.
Trial time

Each time a trial was accessed through the trial navigator was counted as one attempt for that trial
(see ‘‘User interface” section). Trial time is the sum of the time (in seconds) spent in all attempts of a
trial. As it is usually the case with response times, trial time distribution was positively skewed
(Ratcliff & McKoon, 2008), and therefore its logarithm was used instead.
8
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Performance

A trial was marked as ‘‘finished” if the following two conditions were met: (a) at least one block
was dragged onto the editor’s canvas in at least one of the trial’s attempts and (b) the next trial button
was clicked at least once in that trial. Three measures of performance were defined: aggregate score,
mean trial accuracy, and mean trial time. The aggregate score is the sum of all trial accuracies regard-
less of whether they were finished or not in the 20 min available per session; hence, it is a combination
of trial accuracy and time.

On the other hand, the mean trial accuracy and time are the average accuracy and time across tri-
als, respectively. To make sure that these means unbiasedly represented children’s intended
responses, unfinished trials were excluded because time could have run out while children were still
building their sequences or even before attempting the trial at all. However, because trials differ in
complexity, it was desired to calculate them using a set of trials finished by most participants. There-
fore, only trials in the 1–3 trial block were used because the mean proportion of finished trials in this
block was above 90% for all groups. In addition, sessions with 1 or more unfinished trials in the 1–3
trial block were excluded from mean trial time calculation (sessions from 2 tutors and from 2 peer-
taught children).

Data analysis

Data and statistical analysis and visualizations were run with Pandas (https://pandas.pydata.org),
Seaborn (https://seaborn.pydata.org), StatsModels (https://www.statsmodels.org), SciPy (https://
www.scipy.org), afex (https://afex.singmann.science), and other Python and R libraries using Jupyter

Notebook (https://jupyter.org).
Assumptions were checked for all parametric tests, and nonparametric alternatives were used

where these assumptions could not be verified. In some cases, nonsignificant effects of factors
included in the models were not reported to improve readability.

Data availability

The data sets generated are available from the corresponding author upon request.

Ethical compliance

All children’s parents or legal guardians gave signed voluntary consent previously authorized by an
ethical committee, Comité de Ética de la Dirección de Investigación del Centro de Educación Médica e
Investigación Clínica ‘‘Norberto Quirno” (CEMIC), Unidad Asociada del CONICET, Protocol No. 683.

Results

Effect of learning conditions

In this study, some children were taught by an adult instructor in a group lesson (adult-taught
children), whereas others were taught by a peer in a one-to-one lesson (peer-taught children). First,
the effects of these two learning conditions on learning were evaluated by comparing the test stages
of peer-taught children versus adult-taught children. To do so, aggregate score in the test stage was
compared between groups, that is, the sum of accuracies from all trials, regardless of whether they
were attempted and finished or not, in the 20 min available. A two-way analysis of covariance
(ANCOVA) was run, with group (i.e., adult-taught or peer-taught groups) and gender as factors
and age as a covariate. Children who were taught by a peer in the peer-tutoring stage (peer-
taught group; 68% confidence interval (CI) [3.80, 4.61]) performed as well as children taught by
an adult instructor in the instruction stage (adult-taught group; 68% CI [3.62, 4.09]), F(1,
37) = 0.510, p = .480 (Fig. 2). In addition, a main effect of gender was found, with female participants
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Fig. 2. Aggregate score. Aggregate score is the sum of accuracies from all trials, including unattempted (with accuracy = 0).
Children who learned from a peer (peer-taught group) performed as well as children who learned from an adult (adult-taught
group). ns, nonsignificant. Error bars represent 68% bootstrap confidence intervals.
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showing a lower aggregate score (68% CI [3.39, 3.90]) than male participants (68% CI [4.20, 4.85]), F
(1, 37) = 5.056, p = .031. No significant group by gender interaction effect was found, F(1,
37) = 0.256, p = .616.

Then, performance was analyzed trial by trial. In the 20 min available in the test stage, children
could spend as long as they desired on any 1 of the 10 trials, thereby affecting the proportion of trials
finished. In addition, the trials differed in complexity, with later trials being more complex, and trial
complexity presumably would influence trial accuracy. Therefore, to compare the average trial accu-
racy between participants without bias, it was important to use only trials that were finished by most
participants in all groups. Hence, trials were divided into three even trial blocks: 1–3, 4–7, and 8–10.
Participants finished nearly all trials in the 1–3 trial block (on average 94% for adult-taught children
and 98% for peer-taught children); thus, this block was selected to study performance on a per trial
basis. In the 4–7 trial block, in contrast, not only was the average proportion of finished trials lower,
but it was also significantly lower for adult-taught children (68% CI [0.33, 0.45]) than for peer-taught
children (68% CI [0.57, 0.73]), as shown by a Kruskal–Wallis test, H(1) = 5.510, p = .019 (Fig. 3A, left). In
fact, peer-taught children spent significantly less time per trial (in seconds) in the 1–3 trial block
(n = 13; 68% CI [113.94, 138.24]) than adult-taught children (n = 25; 68% CI [172.43, 201.24]), as shown
by a three-way ANCOVA, with group and gender as between-participant factors, trial as a within-
participant factor, and age as a covariate, F(1, 33) = 7.601, p = .009 (Fig. 3A, right). The fact that
peer-taught children spent less time per trial (�60 s less) in the 1–3 trial block may explain why they
finished more trials in the 4–7 trial block. In addition, female participants spent more time per trial (in
seconds) (n = 23; 68% CI [166.05, 193.09]) than male participants (n = 15; 68% CI [124.99, 157.99]), F(1,
33) = 3.143, p = .085, although no significant gender effect on trial time was found. Finally, the average
proportion of finished trials in the 4–7 trial block was significantly lower for female participants (68%
CI [0.33, 0.44]) than for male participants (68% CI [0.58, 0.73]), as shown by a Kruskal–Wallis test, H
(1) = 6.324, p = .012.

In contrast, peer-taught children were significantly less accurate per trial (trial accuracy; 68% CI
[0.62, 0.69]) than adult-taught children (68% CI [0.75, 0.79]) in the 1–3 trial block, as shown by a
two-way ANCOVA, with group and gender as factors and age as a covariate, F(1, 36) = 9.065,
p = .005. It is worth noting that the peer-taught condition was not merely a non-taught condition,
as shown in a complementary study (see Supplementary Discussion 1). This speed–accuracy trade-
off, with lower trial times (which result in more finished trials [Fig. 3A]) countered by lower trial accu-
racy (Fig. 3B), may explain why peer-taught children’s aggregate score was indistinguishable from that
of adult-taught children (Fig. 2). On the other hand, no main effect of gender on mean trial accuracy
was found, which was not significantly different between female participants (68% CI [0.69, 0.75]) and
male participants (68% CI [0.72, 0.77]), F(1, 36) = 0.510, p = .480.
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Fig. 3. Performance on a per trial basis. (A) Left: Proportion of finished trials. Children who learned from a peer finished more
trials in the test stage than children who learned from an adult. Right: Time spent per trial. Children who learned from a peer
spent less time per trial than children who learned from an adult. Trial times (in seconds) follow a log-normal distribution, and
thus a logarithmic transformation was applied to them. Participants who did not finish all 1–3 trials were excluded. (B) Trial
accuracy. Children who learned from a peer had lower accuracy per trial than children who learned from an adult. One
participant who did not finish any 1–3 trials was excluded. *p < .05; **p < .01. Error bars represent 68% bootstrap confidence
intervals.
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In summary, from the perspective of aggregate score (i.e., the sum of the accuracy from all trials),
children who were taught by a peer were indistinguishable from children who were taught by an adult
in a group lesson. However, a closer look reveals that in fact peer-taught children were faster, spend-
ing less time per trial and thus finishing more trials per session, although less accurate, with lower
trial accuracy. On the other hand, although female participants had lower aggregate scores than male
participants, this difference was not because of lower trial accuracy but rather because they were
slower and finished fewer trials.
Teaching effect

Our second hypothesis argued that children would benefit from their role as tutors. To examine
this, after evaluating them for the first time in the test stage, some of the children (tutors) who had
learned from an adult were asked to teach a naive classmate, whereas others were asked to revise
the instruction materials alone (controls). Finally, both groups were evaluated again in the retest stage
(see Method). To compare aggregate scores between stages (test and retest) and groups (controls and
tutors), a repeated-measures three-way ANCOVA was run, with group and gender as between-
participant factors, stage as a within-participant factor, and age as a covariate. A significant stage
effect was found, with aggregate score increasing from test to retest for both controls (test: 68% CI
[3.83, 4.25]; retest: 68% CI [5.44, 6.04]) and tutors (test: 68% CI [3.33, 4.09]; retest: 68% CI [4.84,
5.68]), F(1, 22) = 54.978, p = 2.04 � 10�7). However, we found no significant interaction between stage
and group, F(1, 22) = 0.207, p = .654 (Fig. 4). Hence, the increase in aggregate score does not seem to
have emerged as a result of teaching a peer but rather seems to be due to a retest effect and/or an
effect of revising the instruction materials (either in pairs or alone). In addition, no group effect was
found in the follow-up stage 2 years later, disputing the long-term tutor effect on performance
hypothesis as well (see Supplementary Discussion 2).

A detailed analysis revealed that this increase in aggregate score in both groups not only was due to
a small increase in mean trial accuracy but also was mainly due to a decrease in total trial times, which
led to more finished trials (see Supplementary Results 1).

In short, although children improved from test to retest, this improvement was not tied to teaching
a peer and thus was the same for controls and tutors.
Discussion

In this study, we approached the problem of teaching programming languages to children by con-
sidering the potential role of peer tutoring. We studied both whether children could learn a program-
11



Fig. 4. Teaching effect. Both controls and tutors improved in retest, but no evidence was found that teaching provided an extra
benefit (or detriment) to tutors on performance. ***p < .001. Error bars represent 68% bootstrap confidence intervals.
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ming language from a peer and whether children would benefit from teaching others. To do so, we
examined their performance in a series of programming tasks.

Learning from a peer

To test whether children could learn from a peer, we first compared adult-taught and peer-taught
children on their aggregate scores. Aggregate scores are regularly used in school tests, where children
are given a certain number of questions and have a fixed amount of time to answer all of them. At the
end, the question scores are summed up so that it not only matters how well children responded to
each question but also matters how many questions they managed to respond to. In this scenario, a
question left blank due to lack of time gets 0 points, just like a question left unanswered due to lack
of the necessary knowledge. Analogously, our first approach to measure performance involved aggre-
gating accuracy scores along 10 trials of a programming task irrespective of whether children man-
aged to try answering them or not in the 20 min they had available. Remarkably, according to this
first coarse measure of performance, children who were taught by a peer performed as well as children
who were taught by an adult.

But this result does not necessarily mean that adult-taught and peer-taught children are indistin-
guishable. Therefore, a finer-grained approach to performance was taken, examining trial accuracy
and trial time separately. With this approach, children were found to differ in their speed–accuracy
trade-off; peer-taught children seem to have adopted a less conservative strategy, with faster response
times than their adult-taught classmates but at the expense of lower trial accuracy. This finding is sur-
prisingly similar to a previous study showing that, when facing a stronger opponent, chess players
adopt a more conservative strategy (Slezak & Sigman, 2012). According to the regulatory focus theory
(Higgins, 1997), people can be set in a promotion mode, where the focus is on seeking to approach a
desired state (e.g., winning a chess game or, in our case, successfully solving a programming task),
or in a prevention mode, where the focus is on avoiding undesired states instead (e.g., making mis-
takes). In the promotion mode, people would be eager to achieve the desired state, increasing speed
and decreasing accuracy (Slezak & Sigman, 2012). By analogy with how instruction can change
exploratory policies in children, limiting spontaneous exploration and discovery (Bonawitz et al.,
2011), our results could be interpreted using the regulatory focus theory. Under this framework,
adult-taught children, who learned from a much more knowledgeable and authoritative figure, could
have adopted the prevention mode, reflecting a cautious way of playing and avoiding errors, whereas
peer-taught children could have been set in the promotion mode instead, taking more risks through
trial and error. We speculate, then, that these results may suggest that children taught by a peer
may develop a different understanding of how to use new knowledge, which could be some kind of
interaction between peer tutoring and children’s epistemic beliefs. This may have resulted from dif-
12
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ferent expectations across conditions as to why children were learning first and why they were play-
ing later. For example, children taught by an adult may have expected to be evaluated, whereas chil-
dren taught by a peer may have expected that they would just play. Future studies manipulating
children’s expectations may help to further understand these results.

Although hasty decisions often lead to poor choices, accurate decisions are ineffective if they take
too long (Standage, Wang, Heitz, & Simen, 2015). For example, adopting a conservative strategy
against a stronger opponent actually reduces the chances to win in chess (Slezak & Sigman, 2012).
So, what is the best speed–accuracy trade-off? It would probably depend on the situation at hand
whether to prefer teaching methods that promote the more conservative prevention mode, with a
focus on avoiding mistakes, or methods that promote the less conservative promotion mode, focusing
on results instead and allowing some trial and error.

In addition, it is worth considering some limitations of our experimental approach. First, because
children could have learned the basics of the language while they were taking the test, it is possible
that the peer-taught condition was merely a non-adult-taught condition indistinguishable from chil-
dren not taught at all. To evaluate this possibility, we conducted a complementary study where we
compared two conditions, peer-taught children versus non-taught children, and successfully found
that children taught by a peer were significantly more accurate than children not taught at all (see
Supplementary Discussion 1). On the other hand, our experimental procedure was aimed at making
the peer-taught and adult-taught conditions as comparable as possible. For example, children taught
their peers using the exact same instruction materials used by the adult instructor. However, it is
worth noting that conditions differed not only in whether children were taught by an adult or by a
peer but also in whether classes were in groups or one on one, respectively. It is possible that one-
on-one instruction would increase trial accuracy in adult-taught children (Bloom, 1984), hence widen-
ing the difference with peer-taught children.

Another aspect we wanted to examine was whether children exhibited different behaviors or
strategies depending on who had taught them irrespective of their performance. For example, all trial
videos required children to clear any image or text in the programmable environment’s virtual screen
at the end of their programs. To do so, children needed to use the corresponding command blocks with
an empty argument (see Method above and Supplementary Methods 3). This was demonstrated by the
adult instructor in the adult-taught condition. Interestingly, whereas half the children taught by an
adult tried to reset the virtual screen in at least one of the programs they built, no children taught
by a peer did this. This is compatible with tutors not simply imitating their adult instructors but rather
digesting the information provided to them and then elaborating their own teaching (Bridgers, Jara-
Ettinger, & Gweon, 2020). Further analysis of the peer interactions should be conducted to support this
hypothesis.

In summary, our study shows that children can learn computer programming from a peer. Peer-
taught and adult-taught children were indistinguishable using aggregate scores such as those fre-
quently used in school tests. Nonetheless, children who learned from a peer showed a less conserva-
tive speed–accuracy trade-off, with shorter response times, at the expense of lower trial accuracy.

The effect of teaching a peer

Peer tutoring has been found to benefit not only tutees but also tutors (Cohen et al., 1982; Duran,
2017; Goodlad & Hirst, 1989; Roscoe & Chi, 2008). However, there is no clear consensus about the con-
ditions under which this tutor effect is evident, and some studies have failed to find it (de la Hera et al.,
2019; Rohrbeck, Ginsburg-Block, Fantuzzo, & Miller, 2003; Roscoe & Chi, 2007). Then, the effect of
teaching on performance was examined. Our design was aimed at making the peer-tutoring and
self-revision conditions as comparable as possible, with the only two differences being social (in
one case children were interacting with a peer, whereas in the self-revision condition they were alone)
and motivational (in one case the goal was to teach a classmate so that the classmate could play too,
whereas in the other it was to revise the material to perform better the next time). Our results showed
that children improved their aggregate score the second time they were tested. This increase not only
was due to a small increase in mean trial accuracy but also was mainly due to shorter response times
in retest, which in turn led to more trials finished (Supplementary Results 1). However, this improve-
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ment was not significantly greater for tutors than for controls, thereby failing to support the tutor
effect hypothesis on learning.

A variety of reasons may underlie our failure to identify a tutor effect on performance. First, tutor-
ing a peer has been hypothesized to help tutors metacognitively reflect on their own expertise and
comprehension through explanation and questioning (Roscoe & Chi, 2007). However, although this
better understanding of their own knowledge could undermine participants’ confidence, it might
not immediately translate into learning benefits until participants are given the chance to identify
or construct a correct answer. Therefore, tutors in our study may have become aware of gaps in their
knowledge while teaching without having a chance to fill them before retest. Further studies includ-
ing an additional revision instance between peer-tutoring and retest stages could help to test this
hypothesis. Second, some authors suggest that cognitive benefits of teaching actually result from
expecting to teach, rather than from teaching itself, and the associated greater effort to select the rel-
evant elements and organize them into a meaningful representation (Bargh & Schul, 1980; Benware &
Deci, 1984; Duran, 2017). Prompting this expectation to teach before even learning may help to test
this hypothesis. Finally, two aspects of our study may have biased tutors to unproductive knowledge
telling (Roscoe & Chi, 2007). On the one hand, although there is evidence that tutor training is not
necessary (Cohen et al., 1982; Leung, 2015), with some authors even proposing that teaching is a nat-
ural cognitive skill (Calero, Goldin, & Sigman, 2018; Strauss, Calero, & Sigman, 2014; Strauss & Ziv,
2012), previous studies have shown that peer tutoring works best if tutor training is provided
(Topping, 2017). The fact that our study implied no tutor training on teaching may have led to unpro-
ductive knowledge-telling bias (Roscoe & Chi, 2007). On the other hand, even though the availability
of instruction materials makes our study a case of structured peer tutoring, which is known to show
greater benefits than unstructured tutoring (Topping, 2017), the presence of teaching materials may
have biased tutors to knowledge telling as well, preventing them from learning by retrieval (Koh, Lee,
& Lim, 2018).

In addition, because teaching may have an effect on long-term retention (Ellis, Semb, & Cole, 1998;
Fiorella & Mayer, 2013; Hermida et al., 2021; Roscoe & Chi, 2007; Sabol & Wisher, 2001; Semb, Ellis, &
Araujo, 1993), we evaluated all groups again 2 years later. However, although most children reported
that they remembered the game, the performance was the same across groups and was indistinguish-
able from children who were not taught at all (see Supplementary Discussion 2). Future studies in the
field with shorter retention times may help to test this hypothesis as well.

In short, although our study failed to find beneficial effects of teaching on performance, no learning
impairment in tutors was found either. Future studies may help to identify conditions under which the
effect of teaching on performance is evident as well as other aspects to which it may contribute.
Can we talk about gender differences?

Another aspect that emerged from our study was gender differences. Many studies have described
differences in performance and interest in technical domains between male- and female-gender par-
ticipants (Edwards et al., 1997; Hill et al., 2010; Nourbakhsh et al., 2004). Most (if not all) of these dif-
ferences are the by-product of social convention stereotypes (e.g., see Beilock et al., 2010; Dar-Nimrod
& Heine, 2006). In this study, we expected that children may be free from these biases given their
young age and what we hoped to be a limited cultural indoctrination regarding gender stereotypes.
Nevertheless, we found that girls had lower aggregate scores than boys. Similar results were found
by Sullivan and Bers (2013) in a robotics program involving kindergarten children. However, a closer
look at our results revealed that girls’ lower aggregate score was not because of lower trial accuracy
but rather because they were slower and finished fewer trials. This is in line with previous findings
that girls are less likely than boys to take risks to achieve a goal when programming with LOGO,
exhibiting a more cautious or careful approach to task solution (Yelland, 1993). Gender differences
in regulatory control (McClelland, Geldhof, Cameron, & Wanless, 2015) could be related to this. These
differences may in part be an effect of gender stereotypes on children’s cognition (Halpern, 2012;
Rippon, 2019), which some studies report might emerge as early as 6 years (Bian, Leslie, & Cimpian,
2017).
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Briefly, although we did find performance differences between boys and girls, these may have been
due to different attitudes toward risk and not due to differences in knowledge or skill. Therefore, this
finding raises a sign of warning that apparent lower performance may hide equivalent accuracy.

Conclusions

Peer tutoring has been found to be useful in a wide variety of settings. However, results are highly
variable, and they depend on a multitude of factors such as the targeted subject matter, the age of the
participants, and the availability and frequency of tutor training, among many others (Leung, 2015).
Given the growing interest in teaching computer science in schools, it is surprising that peer tutoring
of computer programming in children has not been experimentally studied so far. Children are digital
natives, and it should not be denied that most of the time they outperform their teachers in this field
(Benotti et al., 2014). This makes peer tutoring of programming languages among children even more
interesting to complement traditional education in schools.

To the best of our knowledge, our study is the first experimental study to focus on peer tutoring of
programming languages in children. It provides empirical results favoring peer tutoring as a comple-
mentary means of teaching programming languages, bringing further evidence to how peer tutoring
can help promote learning in fields where learning is difficult to achieve (de la Hera et al., 2019). Inter-
estingly, not only does learning to code improve computer programming skills, but there is evidence
that it also transfers to other general cognitive skills (Fundación Sadosky, 2016; Resnick et al., 2009;
Scherer, 2016; Scherer et al., 2019; Voogt et al., 2015), some of which are collectively referred to as
computational thinking (Grover & Pea, 2013; Wing, 2017). Therefore, our study opens new possibilities
in this research field as well, which is far from settled and is still an ongoing effort (Scherer, 2016). In
addition, teaching computer programming through peer tutoring may also result in benefits specific to
peer tutoring such as metacognitive benefits (Topping, 2017), advantages in social and communica-
tion skills (Xu, Gelfer, Sileo, Filler, & Perkins, 2008), and advantages in affective functioning (Miller,
Topping, & Thurston, 2010).

Computers and computer networks lie at the foundations of our worldwide society. All in all, our
study contributes to the widespread understanding of how these foundations operate and how to
shape them, both of which are essential to the values of democracy and plurality, as a way of freeing
future generations from the infertile grounds of technological dependency and leading them toward
technological sovereignty instead.
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