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Abstract—The research focused on two elements of technology enhanced 
learning: the digital nudge and gamified online learning. The objective was to 
digitally nudge students towards a gamified online learning tool, thereby improv-
ing quiz test performance through a fun motivating language learning game. A 
mixed methods approach: the primary quasi-experimental methodology was re-
gression discontinuity design, with a follow up survey. The findings show that 
few students actively participated in the fun gamified activities, yet none-the-less 
there was a significant 5% treatment effect afforded by the digitally nudged call 
to action. The research demonstrates the effectiveness of nudging students to 
complete L2 learning activity. It also somewhat shows the potential of gamifica-
tion for voluntary engagement amongst first-year students at a Japanese univer-
sity. 

Keywords—digital nudge, online learning, gamification, l2 teaching/learning 
strategies 

1 Introduction 

The research looked at a potential study intervention to improve vocabulary quiz 
scores within one university faculty. The focus was on the lower performing students 
among a cohort of first year university students, offering the students a gamified online 
treatment option. The research questioned whether a teaching strategy of simply nudg-
ing students with an offer of gamified study would improve scores. The research also 
questioned how likely students are to take up the treatment offer, and if they did, what 
was the impact on posttest results. It was hoped that an evaluation of the research results 
may lead to improvement in effective teaching strategies within the faculty. 

Gamification is a relatively new, 21st century, approach to motivating a user to act, 
coming to prominence around 2010 [1]. It has been applied to language learning, for 
example, see [2]-[6], and can be found in the design principles of mobile assisted lan-
guage learning (MALL) apps. Some examples of gamified apps known to have been 
used in L2 research are Duolingo [7], Kahoot [8], and Quizlet [9]. Gamification relies 
on simple principles; purpose, rules, voluntary participation, an obstacle to overcome, 
and a feedback system [10]. Furthermore, games provoke emotional responses; a sense 

42 http://www.i-jet.org



Paper—Digitally Nudged Learning: A Nudged Gamification Study Intervention 

of fiero (pride) when things go well and ideally a sense of happy failure when things 
do not go so well [10]. Together this creates an experience that motivates participants 
to play more and reach their goals. This fundamental approach can be used for educa-
tion. Games can be both motivational and instructional, and in combination are a par-
ticularly powerful tool [11]. So powerful, that users have been documented playing 
literally 24/7 [12]. In the case of this English L2 learning research project, the goal of 
student participation was to improve vocabulary quiz scores. The rules of the game 
were provided by the selected gamified application. The primary obstacle was acing 
the game-based quizzes, while secondary obstacles took the form of in-game anony-
mized classmate competition. Feedback was instantly provided after each question at-
tempt. The missing piece, was would the students voluntarily participate? It is stated in 
[13], and this cannot be re-stated enough, gamification is about helping users to reach 
their own goals. It cannot be only the teacher’s goal or the school’s goal; this will not 
work. The student must be immersed voluntarily into the experience. If a student wants 
to improve, then gamification is a method to leverage that ambition and drive that stu-
dent forwards. 

The treatment involved offering students gamified language learning activity. But 
the act of offering is itself a call to action. According to nudge theory [14], we, the 
research practitioners, took on the role of choice architects. There was no coercion or 
demand for students to change, instead a choice was provided that the students were 
free to ignore. Digital nudging [15], is the use of digital design elements to influence 
behaviour in digital choice environments. It is particularly important as education 
moves increasingly into digital choice environments, such as Google Classroom [16] 
and MALL. For example, nudging users via in-app notification is a common feature of 
many apps. It is done because it is known to increase participation and it is constantly 
being improved, for example, see [17]. Nudging can be more subtle than the aptly 
named push notification, for example a flashing button, an alarm sound or colour 
guided pathway. We are now seeing the emergence of AI nudging that will exponen-
tially impact all areas of a nudged life [18]. Recent research [19], shows nudging does 
have an effect in educational settings. Therefore, it is likely that even if students did not 
accept the offer to play a gamified app, it would impact their study choices. They would 
possibly be more mindful of their up-coming class vocabulary quiz. It may have 
prompted them to study a little harder. It was anticipated that this would be reflected in 
the treatment effect. However, while there are clear benefits, there are also concerns 
with nudging people to change behaviours [20]. It raises legitimate questions about 
autonomy and manipulation. However, fundamentally teaching is concerned with help-
ing students to improve themselves. The goal of teaching is always to affect change. In 
this case test scores. That said, students should always have the option to opt out and 
this was reflected in the hypothesis and approach to this project. 

1.1 Hypothesis 

Opt-in digitally nudged gamification can be used as a teaching strategy to increase 
student vocabulary test scores. 
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The research question from a practitioner perspective attempted to see if we could 
guide students towards more interesting materials, and if in doing so, we could help 
improve their learning outcomes. Borrowing Thaler & Sunstein's terminology [21], the 
experiment can be viewed as pedagogical libertarian paternalism. The objective is to 
kindly help students improve, but while keeping mindful of the fact that they were free 
to decline the said kind offer. 

2 Methods 

A mixed methods approach, two methods were used in the study. Initially, regression 
discontinuity design was implemented with a pretest selection rating, treatment, and 
posttest. This was then followed up with a small survey of the treatment group. 

2.1 Participants 

The research took place at a university in Tokyo, Japan. The students were 18-22 
years of age with only one student outside this range. The faculty student population 
are predominantly men with a gender ratio of 4.23:1.0 (see Table 1). Due to the limited 
size of the population (N=392), the research did not segment the data by gender nor 
age. In addition, foreign national non-resident students coming from overseas were not 
included in the data as they do not take compulsory English classes. The focus of the 
study was on treatment versus control. Simply, did the treatment influence first-year 
student compulsory English class results? 

Table 1.  First year demographics 

Age  Gender  
18 49 Men 317 
19 247 Women 75 
20 82   
21 12   
21> 2   

 
The research initially focused on all first-year students taking a compulsory reading 

and writing class. The students were required to pass the class to graduate. The course 
had been taken online by all first years, effectively in distance education mode. In 2021 
this was the new normal in COVID-19 Japan. All students received the same materials 
with the same teacher led videos. There was also an actual class teacher available for 
contact and the students were in class groups of 40, many of whom they knew from on-
campus Listening and Speaking classes. The test phase took place over a two-month 
period. Different vocabulary items and questions were used on the pretest and posttest. 
Each quiz comprised 10 questions with each question valued at one point. The faculty 
has ten reading and writing classes; two classes were removed from this study in order 
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to improve participant anonymity. In addition, before the treatment group selection be-
gan, further students were deselected for missing quizzes. This also improved anonym-
ity. The cohort of 271 remaining students were members of eight classes with four dif-
ferent teachers, the rating and posttest scoring between the eight classes was identical, 
all class tests used a Google form, and the quizzes were marked automatically. For 
clarification, the faculty had been using all the various online learning cloud-based so-
lutions mentioned for five years, the only difference with COVID-19, was that this spe-
cific course had also become video lecture distance education. 

2.2 Regression discontinuity design 

It was decided to use retrospective regression discontinuity design (RD) in prefer-
ence to randomized experimental design. RDs are increasingly used in educational set-
tings to obtain estimates of intervention effects [22], for example, see [23]-[25]. Re-
gression discontinuity design (RD) is a quasi-experimental approach that is particularly 
suitable for education [26]. RD can be undertaken retrospectively but requires addi-
tional graphical and empirical analysis [27]. RD is often used to determine merit or 
need [28]. In this study the focus was on the need to improve student vocabulary scores. 
The basic principle of RD is to pretest participants, and then position them by rating on 
a linear line with a predetermined cut-off point for intervention. A simple linear, or 
local polynomial, regression analysis of the data, collected after the applied interven-
tion, it is generally anticipated, will, if a positive effect exists, lead to an upward shift 
in the line at the cut-off point, creating two separate lines. The size of the shift as seen 
on a graph, visually encapsulates the effect. 

2.3 Ethics 

There are ethical considerations when undertaking research into student perfor-
mance. Should practitioner researchers intentionally not help underperforming students 
for the sake of experimental procedure? There is a genuine ethical dilemma in with-
holding treatment from suitable candidates [29]. RD offers an ethical alternative to ex-
perimental classroom research, as the researchers can focus treatment on an identified 
need immediately. However, the pros and cons of random control versus regression 
discontinuity design must be carefully weighed. In this case, it was a simple decision. 
There was little to be gained by randomly deciding not to help students. It made sense 
to prioritise helping students now and giving as many as possible a nudged gamification 
experience. Furthermore, as previously stated, the core intention of the research was to 
evaluate this potentially innovative teaching strategy with a view to using it with all 
students in the near future. It made sense to see how it would help those who most need 
it.  

Human research. In terms of ethical human research there were two aspects to con-
sider: score data and treatment participation. The first aspect is the use of low-level 
pretest and posttest educational score data. This is generally exempted from human 
research policies if it will not have adverse effects on the students. For example, the US 
federal policy 45 CFR 46.104-d-1 [30]. This exemption includes, educational score 
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data, and research into instructional techniques and strategies. All data collected (pre-
test and posttest) that identified students, fell into this category of data. However, con-
fidentiality and privacy were respected. The data was anonymized as soon as was pos-
sible, there was no analysis of identifiable individual participants, beyond the initial 
selection of the treatment group. 

Informed consent for treatment participation. The students were sent an email, 
in Japanese, explaining that a treatment was available to help them improve their quiz 
grades for the latter half of the semester. It was stated that the treatment was part of a 
research project and student participation was voluntary. It was further explained that 
the activities were anonymous and non-participation would have no adverse conse-
quences. It was also advised that they had been selected as they appeared to need the 
treatment and could benefit from participating. Since the activity was distance and 
online, the actual consent was construed to have been given if the student followed the 
two-step process and opted-in to the treatment Google Classroom. Furthermore, no in-
dividualized data was collected on the specific treatment activity. This means we did 
not monitor what individuals did during the treatment. Students were informed of this 
fact. 

2.4 Validity  

During the research, attention was placed on the ten most general threats to validity 
[31], and two significant potential threats were noted, statistical regression and research 
mortality. Both are covered in the broader topic of RD Design validity below. There 
are unique considerations to ensure the validity of RD results. A sample size multiple 
must be applied to RD to see effects comparable to a randomized trial; in [32] it is stated 
that a sample size multiple of 2.75 is required for a balanced design, normal distribution 
rating. In educational research typically 30 participants are the minimum sample size, 
and 15 participants should be the minimum group size. This suggests a minimum of 84 
participants are required as a treatment group of 42 would be preferred for educational 
RD. The research met the standard and initially had a treatment group n=128 and con-
trol n=143, but this must be revisited as attrition took its toll. 

For the further purposes of RD validity, participants' ratings and the cut point must 
be determined independently of each other [32]. In real world terms, ideally the cut 
point would not be known to the teachers or students. It can be confirmed that the stu-
dents had no knowledge of the research project or treatment at this early stage. It was 
anticipated a score of seven out of ten for each of the three quizzes which equates to 21 
points or 22 points (rounded down), would be a potential cut-off point to create a large 
enough sample for inclusion in both treatment and control groups. It was generally un-
derstood by the researchers and teachers that inclusion would mean only a 50% chance 
of being offered the treatment and presumably decreased teacher interest (if any) in 
manipulating results. In addition, it was the non-teaching researcher who suggested RD. 
Furthermore, the rating used for the RD design was a series of quizzes that partially 
accounted for students' grades. The pretest was administered by Google Form and was 
taken at home, due to COVID-19 restrictions. The students had one chance to take the 
test. The results were immediately known to the student and with one click transferred 
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to Google Classroom for classroom teacher inspection. There was very little chance for 
a teacher to subconsciously favour student selection and manipulate the results on who 
would be placed in the research sample and even less motivation.  

2.5 RD procedure 

RD design follows a staged process and can require multiple iterative procedural 
steps: research design creation, a visual data check, treatment, posttest, a final attrition 
check, followed by sensitivity testing. These steps are outlined below. 

RD creation (step 1). A study requires three basic components to be considered RD 
[22]. There must be a forcing variable, with participants placed into treatment and con-
trol groups based on being either higher or lower than the forcing variable. Secondly, 
the forcing variable must be ordinal (order the participants) and must include at least 
four values above and below the cut-off point. Thirdly, the cut-off value must not be 
used for assigning participants to other interventions. These three criteria were met; a 
pretest score was used as the forcing variable, with five values above and twenty-five 
values below the cut point. It was not being used for any other intervention. 

The rating pretest materials, comprised of a series of three vocabulary quizzes valued 
at a total of 30 points, were delivered to and subsequently completed by 271 students. 
These vocabulary tests were taken at home, due to COVID-19. It was anticipated that 
most students would do very well. They could check dictionaries, undertake collocation 
searches, so there was no reason for them not to score highly. 

Visual examination of the data (step 2). The pretest ranked the 271 students on a 
scale from 0-30. All scores would fall precisely at points along a linear line on a graph. 
This is ideal for RD as there is clear guaranteed linearity at the pretest stage, prior to 
the application of linear regression at the posttest stage. As can be seen in Figure 1, the 
data is not actually scattered, but clustered on 17 rating points, it follows a clear linear 
path.  

 
Fig. 1. Pretest scatterplot 
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It was found that the initial pretest results formed an approximately normal distribu-
tion with 74.5% of students falling within one standard deviation of the mean, with 
approximately 12.6% having a standard z-score of < -1 and 12.9% with z-scores of > 
+1. The standard deviation of the rating data is 3.2 points with a mean score of 25.15; 
95% CI [24.95, 25.35]. However, it was not a standard normal distribution, given the 
mean, median and mode were not equal. The mean score was 25.15, the median was 26 
and the mode jointly 26 and 27 points. [33] states that 50% of the scores should fall 
within the range 0.67 of the standard deviation from the mean for a standard normal 
distribution. In this case, 158 from 271 scores, 58.3% fall within the range. Further-
more, this slightly negatively skewed result is reflected in the fact there is a poor per-
forming tail. The poor performers were spread more widely than the more closely clus-
tered strong performers. This can be seen in the raw pretest score point distribution 
(please see Figure 2). 

 
Fig. 2. Distribution frequency of pretest scores 

The originally considered cut-off point, 22 points, was approximately one standard 
deviation from the mean. Therefore, a poor choice, due to validity issues with statistical 
regression and sample size. The 34 students who had z-scores below -1 (8-21 points) 
are, as can be seen in Figure 2, performance outliers and quite likely to improve without 
treatment and will, if too large a proportion of the sample, distort the results. 22 points 
itself (n=14), provided too small a sample to counter the effects of the outliers or to be 
studied in isolation. Using the mean of 25.15 or the median of 26 points as the cut-off 
point were the only remaining options that made sense based on empirical analysis of 
the data. The median is the optimum choice as it places in theory 50% of students in 
either group. In fact, frequency impacted the selection. 26 points were scored by 39 
students. This meant if included in the treatment, then the treatment was 62% of the 
sample. If not included, then the treatment invitees were 47% of the sample. Given the 
results were close to the extreme in terms of needing a minimum of four rating values 
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above the cut-off point, it was decided that the cut-off point should be below 26 points, 
in effect z, the mean of 25.15. All scores were converted to z-scores. All students with 
standard scores below z = 0 were in the treatment and all above z = 0 were in the control. 
Since no student had a standard score of precisely zero there was no ambiguity. It was 
concluded based on the above graphical and empirical analyses that the design is valid 
and the decision to use a z-score of zero (mean = 25.15 points) as the cut point, allowed 
the practitioner researchers to help the below average students (47%) who had taken all 
three pretest quizzes. 

RD treatment and posttest (step 3). A two-step, digitally informed-consent, invi-
tation process was undertaken. Students were invited (nudged) by email to the treatment 
group to undertake extra gamified study. It was explained that data would be collected 
for research purposes. It was further explained that all activity (or lack of) on Google 
Classroom and Kahoot would be anonymous. The invitations were sent a maximum of 
three times as required. They were invited to a Google Classroom made specifically for 
the activity. If they joined the Google Classroom, then they had opted-in to the study. 
The opted-in students were provided with three mini (five question) practice games 
made using Kahoot for each of the three posttest quizzes. The mini-practice games were 
simple quiz format questions. Kahoot is a gamified quiz platform, providing randomi-
sation with game elements such as sound effects and leaderboards. Users are anony-
mous by default. It is also possible to engage in low stakes anonymous competition 
with classmates, for example, see [8]. 

The opted-in students were then nudged, twice a week via email, to practice on Ka-
hoot, in the lead up to the actual quiz which was provided as a Google Form. In total 
the students were nudged six times for the three posttest quizzes. The nudge was an 
email, sent with intention using the course leader’s email address. It was anticipated 
that seeing an email from the course leader would be read, as opposed to Google Class-
room automated emails which the students would receive from courses on a regular 
basis and whose effect may have been diluted. The email message was short and simple, 
with a direct link to the Google Classroom material for that week. It was automatically 
scheduled to be sent at 5pm on Wednesdays and Saturdays prior to the actual quiz 
deadline of the following Tuesday. 

Attrition & design check (step 4). The study sample size was initially 271 partici-
pants, but this fell to 212 participants, control n=121 and treatment group n=91 after 
removing no shows. The no shows included 19 participants invited to the treatment who 
missed one or more of the posttest quizzes and a further 18 who did not opt-in to the 
study. Consequently, the opt-in treatment group had 91 members. The control group 
was also decreased by 22 participants to 121 members for missing one or more of the 
posttest quizzes. In terms of the impact of experimental mortality, 14.8% of the treat-
ment invitees and 15.4% of the control were deselected for missing quizzes. Experi-
mental mortality affected both treatment and control to a very similar degree. Further-
more, the groupings still met the minimum size validity condition set out in step 1. 
Importantly, in addition, the final cohort (n=212) had a retrospective pretest mean of 
25.3. Therefore, the experimental cut-off point, set to z = 0 in step 2, did not signifi-
cantly change as a consequence of the research attrition. A fuzzy RD design is required 
when the number of no-show participants leads to distortion [28], that effectively means 
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active participants have been misassigned to the wrong grouping (control or treatment). 
In this experiment no one was misassigned, as while the position of z had shifted 
slightly from the old mean of 25.15 to the new mean of 25.3, it made no difference to 
group assignment. All students with 25 points or less, would still be selected for treat-
ment and all those with 26 points or more, would still be in the control. Nothing had 
changed, and so based on this understanding of the data, a sharp RD design was selected 
for use. In fact, there was a change, the data was now approximately normally distrib-
uted. 70.7% of students fell within one standard deviation (SD), with 17% below -1 SD 
and 12.3% at +1 SD. The tail to the left reflected the fact the majority of students were 
scoring highly, and this shifted the centre of the distribution rightwards on the graph. 

To check for reliability, an RD density test [34], was undertaken, using Stata soft-
ware [35], and did not reject (p=.22) the null hypothesis of no manipulation. In other 
words, no falsification of the data was found.  

Graphical analysis (step 5). A scatterplot of the posttest outcome against the pretest 
rating is shown in Figure 3. This graph shows extensive movement encapsulating the 
expected regression to the mean and potentially a treatment effect. Initially, the groups 
were split at zero based on pretest data. Approximately 40% of students rated in the z-
score range -2 to 0 have moved upwards into the 0 to 2 zone, with around 10% moving 
downwards into the lower outlier areas. Similarly for the control students rated with z-
scores of 0 to 2, visually we can see that their outcomes have decreased. Approximately 
50% have dropped into the -2 to 0 area. This has created an almost rectangular mesh 
pattern in the top right quadrant of Figure 3, where in Figure 1, after the initial pretest, 
there had been a clean straight line. 

 
Fig. 3. Scatterplot of outcome 

Functional form (step 6). The selection of functional form is of critical importance, 
as it makes sure that the chosen form is not itself adding bias to the estimate. The first 
procedure was to decide whether to use a parametric or nonparametric form. Given the 
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relatively small scale of the project, it is said a parametric global strategy is the appro-
priate choice [27]. However, in [36] it is stated that in recent RD design, non-paramet-
ric local polynomial approximation is considered the preferred choice. Bin sensi-
tivity testing led to a clear conclusion that a nonparametric local polynomial estimation 
was the correct form. Given, the project had standardized the data, a perfect score of 30 
points equates to z = 1.46. The primary idea of RD Design is to split the bell curve and 
analyse the mirror image as treatment effect and regression shift the line. However, 24 
from 91 treatment participants ranged in z-scores from -1.5 to -5.4. They had no posi-
tive mirror image to counter and consequently were seriously distorting, almost nulli-
fying, the results of treatment effect among typical students closer to the cut-off point, 
irrespective of bin size. As an initial step the bandwidth was set at a z-score of = ±1.5 
before it was finally set to z = ±1.0. 

To minimize noise, data bins were created. Given the small sample size this was a 
challenge, and many options were tried: 4-bin, 6-bin, 7-bin, 8-bin, 9-bin, and 10-bin 
combinations. The process was greatly simplified once the noise created by the outliers 
was removed. The concrete choice was to use the original pretest rating points as bin 
indicators. At bandwidth z = ±1.5 there were five ratings on either side of the cut, mean-
ing 10 bins: five treatment and five control. This naturally falls to the second option of 
six bins at bandwidth z = ±1. There were three other reasonable options: 6-bin sets 
based on standard deviation indicators at bandwidth z = ±1.5, a simple split into four 
bins, or the fourth option was to use the raw data from the localized sample and not 
apply bins. At this stage it was an iterative process of test and eliminate. Firstly, the 4-
bin split can only be used with the linear model, and the result was found to be not 
significant (p-value of the F-test =.11). The 4-bin approach was eliminated. Further-
more, the z = ±1.5 bandwidth produced inconsistent results, the linear results show 
almost no effect while the quadratic showed a strong effect, this suggests the data still 
included outlier distortion. The bandwidth z = ±1.5 option was eliminated. The selec-
tion of bandwidth is a somewhat subjective process. A computed bandwidth check, 
using the rdbwselect function of the rdrobust package [37], selected z = ±0.992. In ef-
fect this is z = ±1, as there are no values between the two. The data for z = ±1 behaved, 
but there were now only two options, as the 10-bin model had folded to a 9-bin signif-
icant result at z = ±1.5 and a 6-bin at z = ±1 (See Table 2).  

Table 2.  Bandwidths vs bin size F-test p-values 

Bandwidth/Bin Size Raw Data 10-Bin 9-Bin 6-bin 
z = 1.5 0.23 - 0.035 0.12 
z = 1.0 0 - - 0.014 

 
By changing the bandwidth to z = ±1 there were now two choices: six bins or raw 

data, and both, as Table 2 shows, were statistically significant (p<.05). The raw data 
option during coefficient computation would also rely on the same six values of x that 
the 6-bin option comprised. Consequently, it would be expected, if there was any un-
derlying consistency, that the raw data and 6-bin coefficients would be very similar. In 
fact, as Table 3 shows, the linear models are within 5% of approximation, but the quad-
ratic model has shifted the outcome 21%. This suggests that the quadratic model is 
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disproportionately magnifying the 6-bin data, implying the linear model is the least 
biased option; it also provides a more conservative effect estimate. 

Table 3.  Linear & quadratic model effects 

Bins Linear Quadratic 
Raw Data 1 1 
4-Bin 0.96* n/a 
6-Bin 0.95 1.21 
* Result not significant 

Restating the process: we start with raw data, if we remove outliers (bandwidth z = 
±1), then we have data that behaves. If we add bins, to remove noise, and use a linear 
model, the estimates remain stable. If we add a quadratic model to the bins, then we see 
distortion. The quadratic model appears too aggressive, removing noise but probably 
adding bias. The linear model is more likely conservatively smoothing the data. In ad-
dition, the 6-bin approach provides more control over the data. The graphing software 
outputs similar graphs for both raw and 6-bin sets of data, as the graph plotting algo-
rithm will implement some form of internal bin-making for each of the repeated six 
rating (x) points. But what happens is unseen, on autopilot, within the application. If 
we provide the bins pre-made, then we have greater understanding and control over the 
plot outcome. The R-squares confirm this perspective. The raw data at bandwidth z = 
±1 has an R-square of .09 (a very poor fit), while the 6-bin R-square at z = ±1 is .81 (a 
much better fit). For reference 1.0 is a perfect fit. 

Sensitivity tests (step 7). Multiple tests were undertaken, to look at the impact of 
student results stretched across almost seven standard deviations (z-scores). The tests 
revealed that the full sample treatment effect is severely negatively impacted by scores 
beyond bandwidth z = -1. There are a mix of reasons: sample size, bin size, number of 
bins. But most importantly there is no counterweight to the extreme outliers on the 
control side of the graph (they are not controlled). All these reasons are combining to 
give too much weight to the outliers. However, inside of bandwidth z = ±1 the results 
appear to settle. The use of no bins, and evenly spaced 4-bin and 6-bin sets all resulted 
in very similar linear findings. Suggesting the underlying data that went into the three 
different mean score bin calculations was evenly dispersed and not impacted by width 
of the bin. 

At this stage the approach appeared relatively conservative, bias had been minimized 
and some control asserted over software usage. The linear model fitted the dataset at 
bandwidth z = ±1 and the raw estimate was conservatively smoothed in a downwards 
direction. 

2.6 Follow up survey 

A very short purposive survey was conducted targeting the treatment group. The 
anonymous survey was stratified and sent separately via Google Form to three known 
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sub-strata; did not improve (DNI), improved (I), and super improvers (SI). The objec-
tive of the survey was to see if the Kahoot users were disproportionately found among 
the super improvers. It also inquired as to the impact of email reminders. 

The survey was written in Japanese and asked four simple questions with multiple 
choice answer options. 

1. How often did you practice for the quizzes using Kahoot? 
2. For each quiz exercise there were three mini-games. How many did you practice? 
3. How often did you open the email reminder from [course leader] about the quiz ex-

ercise? 
4. How did you feel about the prompt emails? 

The answers to questions one and two were combined into total plays, and then com-
pared to known anonymized data on the treatment group actual Kahoot usage. 

3 Results 

A nonparametric linear 6-bin model was selected for estimation. 150 observations 
were used relatively evenly across six bins. The posttest data, when plotted against the 
pretest rating data, clearly shows an improvement at the cut-off point. The treatment 
effect was calculated and supported by two methods. Method one, it appears from vis-
ual inspection of Figure 4, that the point estimation is a z-score of about 0.42. Method 
two, the linear y-intercept formulas were calculated for the treatment bin data points as 
y = 0.32 + 1.235x and the control bin data points as y = -0.112 + 0.655x. At x=0, the 
cut-off point, the treatment effect is +0.32 - -0.112 = 0.432. Since the standard devia-
tion for the posttest was 3.52 points, the estimated treatment effect is 1.52 points. 

 
Fig. 4. Treatment effect 
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The RD treatment effect estimate is localized to the cut-off with a relatively small 
sample and school population. The estimate can only be tentatively extrapolated to 
other contexts. However, an average treatment gain of 1.52 points is unexpectedly high 
for the treatment, and it will be interesting to see if the result is replicated elsewhere. 
But why have the students gained? Is this the effect of gamification, nudging or a mix 
of both? The triangulation of RD posttest scores, Kahoot play data and treatment par-
ticipant survey responses has provided answers. 

3.1 Gamification play data 

Evidently, the Kahoot usage data (Table 4) shows a lack of gamification activity, 
and this led to the formulation of a secondary hypothesis. Did the students who chose 
to use Kahoot improve more than those who did not? It is known that the Kahoot quiz-
zes were played at most 105 times in combination by the 91 treatment group partici-
pants, and the first section of the first quiz, referred to as mini quiz 16-1, was played 35 
of those times. Furthermore, Table 4 shows that no more than five students from 91 
could have completed every quiz, and no more than seven students could have partially 
attempted all three quizzes. This is clear because mini-quiz 19-1 only has five plays and 
the quiz 18 mini-series, is the least used quiz series with a maximum of seven plays. 

Table 4.  Kahoot usage 

Quiz Usage Quiz Usage Quiz Usage 
16-1 35 18-1 7 19-1 5 
16-2 11 18-2 6 19-2 6 
16-3 12 18-3 7 19-3 16 

 
The Kahoot play was anonymous and possibly a small minority of students played 

all the games. The only way to know was to ask. To this end, a survey was sent out. 
The survey was anonymous, but three sub-strata were created based on known posttest 
gains. Since it was known that at the z = ±1 bandwidth, the 6-bin control group had 
regressed by z = -0.298, approximately one point, it seemed likely that the first point of 
the treatment group improvement was also positive regression to the mean. Conse-
quently, the improvement strata were positioned from two points of gain. The super 
improvers were positioned at four points of gain. 

3.2 The survey response 

29 students (31.9%) from the treatment cohort of 91 responded to the survey. Inter-
estingly, the response to the survey mirrored how well they had done on the quizzes. 
Only four from a potential 26 (15.4%) were from the did not improve (DNI) group, ten 
from 29 (34.5%) of the improved (I) group responded and 15 from 36 (41.7%) of the 
super improvers (SI) responded. It seems there is a strong correlation between the type 
of person who was willing to undertake a nudged action (answer a survey) and their 
actual quiz test improvement that itself was based on a nudged treatment. The survey 
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responses were equally illuminating and can be seen in Table 5. The 15 super improvers 
(SI) account for 34 of the 105 Kahoot plays (32.4%). The ten improved (I) respondents 
account for 7.6% of the plays and the four did not improve (DNI) respondents account 
for 1.9% of the plays. Only two of the 29 respondents claimed to have completed all 
nine mini quizzes, both were in the super improver (SI) grouping, and in isolation ac-
count for at least 18 plays. In fact, only 12 survey respondents (41.4% surveyed) tried 
Kahoot, and only eight surveyed respondents (27.6%) returned for a second week. On 
the other hand, the digital nudging results do correlate to the level of improvement. 
Most of the super improvers were opening the prompt emails. Indeed, six claim to have 
opened them every time. The improved group also tended to open the emails, but at 
lower rates. The did not improve grouping appear less likely to open the emails and this 
finding has been supported by the small number of DNI respondents to this survey. 

Table 5.  Survey data 

1. How often did you practice for the quizzes using Kahoot? 
 All 3 Weeks 2 Weeks 1 Week Never  

SI 2 4 2 7  
I 0 1 2 7  
DNI 0 1 0 3  

2. For each quiz exercise there were three mini-games. How many did you practice? 
 Three Two One Never  

SI 4 0 4 7  
I 1 1 1 7  
DNI 0 0 1 3  

Combined Game Play Data 
SI I DNI  
34 plays 8 plays 2 plays  

3. How often did you open the email reminder from [course leader] about the quiz exercise? 
 Always Mostly Sometimes Rarely Never 

SI 6 1 6 1 1 
I 1 3 2 2 2 
DNI 0 0 3 1 0 

4. What did you feel about the prompt emails? 

 Strongly  
Positive 

Somewhat  
Positive No Effect Somewhat  

Negative 
Strongly  
Negative 

SI 4 3 7 0 0 
I 0 1 9 0 0 
DNI 0 1 3 0 0 
* Q4 SI one respondent did not answer. 
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4 Discussion 

The Kahoot data suggests a need to unpack the hypothesis into two components: 
nudging and gamification. Gamification requires users to voluntarily participate. In this 
study, evidently most treatment group members decided not to participate. 2.2% of the 
students account for 17.1% of the plays. The two users (2.2%) achieved this by simply 
trying all the mini quizzes one time. This suggests that the other 97.8% of students’ 
usage of the gamified materials was underwhelming, and in the majority of cases insig-
nificant. Yet still, a 5% treatment effect was seen, implying the effect was mostly in the 
nudge. 

4.1 The nudge as teaching strategy 

The findings support a nudge teaching strategy. Teachers have some influence over 
their students and can nudge them towards new heights. This has always been true, but 
with digital choice environments, it is possible that nudging will be more evenly ap-
plied, as the platform environments will likely have in-built nudge mechanisms, even 
if the teacher does not proactively choose to use a nudge teaching strategy.  

The findings appear to show that nudging users with official emails and a call to 
action was enough to see an improvement effect of 1.52 points or about 5%. For clari-
fication, only six email messages from the course leader led to a 5% net average gain 
after accounting for gain accumulated through positive regression to the mean. This 
suggests strategic teacher action has influence on student outcomes. Furthermore, the 
results seem to suggest that students who were more receptive to being nudged into an 
action, such as trying gamified study or answering a survey, were more likely to take 
heed of the nudge and improve. It is not clear how they improved, only that nudging 
seems to have stimulated learning activity or greater focus, that has led to improvement.  

4.2 Importance of voluntary participation 

The findings support the gamification approach stated in [10], [13], as previously 
stated in the introduction. Essentially, active gamification cannot itself be nudged if the 
student does not want to do it. The users can be nudged to try. 41.4% of surveyed re-
spondents were nudged to at least try, but they cannot be nudged to actively participate, 
as stated only 27.6% of surveyed respondents even returned for a second week of play. 
In the case of this research, the negative finding for gamification needs to be balanced 
against the fact that the students were the lower performing test takers, meaning they 
most likely included many students with less motivation to improve their score and/or 
English ability. Therefore, the data does not infer gamification does not work, it infers 
that gamification must be used with students who want to use it. It is a learning strategy 
more than a teaching strategy.  

The key driver for magnified success is likely the individual student’s decision to 
participate. If a student wants to participate, then the outcome is likely to be far better 
than if they solely do as their teacher asks. The implications of this, are that teachers 
must find ways to create student centred proactive learning experiences. Students must 
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be encouraged (nudged) to learn based on their own personal needs and desires. Once 
the students want to learn, then gamification as a learning strategy comes literally in to 
play.  

The combination of nudging and gamification could have a powerful effect on learn-
ing outcomes for those who want to participate. The survey results showed the best 
performers, were often, though not exclusively, those who voluntarily elected to use 
Kahoot. The super improvers accounted for the bulk of the game plays. 29 surveyed 
players accounted for 44 game plays. 15 super improvers (51.7% of surveyed users) 
with gains of 4-12 points, accounted for 34 (77.2%) of those game plays. This might 
suggest learner desire to participate is key to significant improvement.  

4.3 Limitations 

The limitations of the study were primarily caused by COVID-19 distance education 
modifications to both teaching and learning. For example, the quizzes were online open 
book and with no real time limits. Students knew they could take their time. This limited 
their need to revise. They were de-incentivized to participate in extra study, even if it 
was gamified. Future research will demonstrate if this was a factor in the results. But 
since student choice is central to both nudging and gamification, any form of disincen-
tive could not have been helpful. A second limitation was home study. If the test had 
been taken in the classroom, under test conditions, there would have been a lower mean 
and wider range of scores. This would have made RD implementation easier. 

5 Conclusion 

In this study an emphasis was placed on a libertarian paternalistic intervention. A 
technologically enhanced teaching strategy to nudge a gamified language learning ac-
tivity towards those who had weaker results. The nudge seemed to have positive inter-
vention effects, but the gamification did not. Further research is now required with an 
emphasis on offering help to L2 students who are known to want to study a second 
language. The hypothesis being that if you nudge a student to do something they want 
to do, they will improve. If you gamify that desired activity, the learning outcome will 
be further amplified. At this stage, further research is required to demonstrate in L2 
contexts, but a combination of digital nudging and gamification could hold real promise 
for elective language learning study. 
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