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Abstract—Learner analytic exploratory research, concerned with mobile
app learner survivability, was conducted. An app was developed to indicate
productivity of quiz app usage for global mobile assisted language learning
(MALL). The research focused on inhibiting and optimising effects of level
length on total questions answered. Specifically, it aimed to answer the ques-
tion: how many questions per level leads to the highest total unique questions
being answered? The research was conducted within nine-day cohort
timeframes and included three phases: a small-scale pilot study to establish pa-
rameters, an exploratory stage undertaken within the parameters and finally the
use of a quadratic regression predictive model. The data was collected using
Google Analytics and Google Firebase. The null hypothesis (H0) was rejected.
A one-way analysis of variance found a statistically significant difference in the
mean productivity of the lengths. Results of a Tukey post hoc test (p < .05)
suggests question sets with less than eight questions, or more than 15 questions,
appear to inhibit MALL autonomous learning. Optimal level question sets ap-
pear to be between lengths 8-14. The results visually encapsulated by a quadrat-
ic regression model broadly support H1 and H2. Set 12 is the statistically most
significant optimal load. Gains of 107% are reported for switching from subop-
timal to optimal approaches. The major conclusion of the research is that quiz
length strongly affects quantity of work completed. A preliminary time-based
model of optimal length has been provided, to broaden measurement opportuni-
ty, as the findings could potentially cross-apply to professional environments
and other activity types.

Keywords—activity theory, behaviourism, EFL, facilitation of m-learning,
games, learner analytics, mobile language learning, productive learning, tech-
nology enhanced learning

Introduction

This exploratory behavioural paper investigates one potential lever of technologi-
cal influence on the ability of students to control their own learning. The study looks
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at the effect of quiz level length on learner output in a mobile language learning
(MALL) app. The paper hypothesises that m-learning quiz level length is neither
benign nor neutral. This is important research, as potentially a simple tweak to level
length, could significantly improve, or impede, the quantity of student work complet-
ed. In addition, quiz level length effect, could be distorting the reporting of other more
high-profile behavioural design choices, such as gamification and digital nudging.
The research asks and answers the question, is there an optimal quiz level length that
leads to more work being completed?

Recently, there has been greater emphasis on educational games and gamification
in the classroom [1]-[5]. This has partially been shaped by the experiences of the
COVID-19 pandemic [6]-9], and increased ICT integration into educational practice
[10]. Additionally, home usage has been increasingly facilitated by parents [11].
However, mobile assisted language learning (MALL) seems to be predominantly
autonomous self-study activity [12]. According to a recent study [13], diverse infor-
mal vocabulary learning is an important and increasing trend. This likely implies most
MALL users are driven by their own goals and their own intention. This assertion is
supported by a study [14] showing MALL usage is truly 24/7. Users keep their own
hours. This strength of individual intention further implies the potential role of gami-
fication to leverage it. There has been a wealth of recent research into the merits of
gamification to stimulate learning (see e.g., [15]-[19]). On the other hand, personal
intention also implies that any inhibitor to MALL based self-study could have a seri-
ous negative impact on learning effects. That said, gamification can be used to im-
prove educational outcomes [20]. One of the primary tenants of gamification is the
concept of user autonomy. The user volunteering to participate is central to why gam-
ification works [21], [22]. This study looked at users who volunteered to install an
English as a foreign language (EFL) quiz app and then chose to level up and play with
a sense of intention. But at a very fundamental level, can question load inhibit this
intention? In other words, if the wrong balance is set, does it inhibit the survivability
of learning and gamification? And conversely, by finding the optimum number of
questions to deliver as a set, is it possible to maximise learning undertaken?

1.1 Theoretical framework

Flexible and iterative design-based research (DBR) performed within a real mobile
educational ecosystem [23], [24]. The research was framed by activity theory and
analytically approached from the perspective of behavioural psychology. Activity
theory [25], [26] is fundamentally based on the concept of actors using a mediating
tool to reach an objective [27], [28]. In this case, the higher-level objective is to learn
English, the mediating artefact is a MALL app, and the actors are users of the app.
The research was focused on the use of the tool to mediate individual learning as
proposed by Vygotsky [27] and furthered by Leont’ev [28]. In Leont’ev’s second
generation activity model, activity is built on a chain of actions [28], with each action
comprising a subset of operations. The operations are the how of action completion
[29], and at the lowest level can be automatic responses to conditions [25]. In the third
generation, Engestrom’s activity system [30] added a layer of social and communal
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complexity, suitable for the classroom, but that was largely outside the boundaries of
this research project. In fact, this research is focused on an object-orientated lower
level of abstraction, in the sense that the tool is also an object, the outcome of tool
creation activity. Therefore, the tool is also the product of action and operation. This
research focuses on one operation that is a modular component of the tool that in turn
at a higher level of abstraction mediated learner outcomes. In terms of operation, the
research was interested in a nuanced understanding of how a tool can be adjusted to
produce magnified enablement and/or constraint. Specifically, how the quantity of
actor usage of the mediating artefact is causally determined by quiz level length. The
interplay of the operation’s underlying interaction with conditions and ultimate effect
on the user activity, appeared to lend itself to analysis by behaviourism [31]-[35]. The
analysis was based on a subconscious interaction of stimulus and response [31], [32]
and Thorndike’s three laws of learning [36].

1.2  Hypotheses

The following hypotheses are posited for an autonomous learner orientated EFL quiz
app.

e H, The number of questions per level has no impact on progressive work complet-
ed.

e H; The optimal payload of questions per level leads to optimal progressive new
work being completed.

e H, A sub-optimal quiz load will inhibit autonomous learning.

In order to test the hypotheses, an app was created. The app was precisely the same
for all users with one key difference. The tested difference was the number of ques-
tions per game level. A review of research using EFL quizzes found the length of
quizzes to generally range from 2-15 questions (e.g., [37]-[39]). Applied computer
science research has been previously undertaken on optimal question set size in terms
of user survivability on crowdsourcing platforms [40]. Employing a user longevity
task allocation strategy, data collection was increased by up to 117.8%. The study
found the end of a given question set often signifies an exit point for a user session. In
other words, users will generally make it to the end of a quiz, if they know how long
the quiz is and it is not unreasonable, but then will stop [40]. The other take away is
that the highest mean average questions answered were for the longest question sets.
A question set of 50 led to an average of 25 answers. In other words, stretching peo-
ple can improve gains. But users typically do not complete the set of 50. A different
study [41] found EFL quiz games were generally played for between 2 mins 45 sec-
onds and 4 minutes 15 seconds. It seems unlikely that more than 15 questions would
be answered in under 5 minutes. Therefore, this suggested that the best performing set
might be under 15 questions, as EFL researchers are tending to use. In contrast, the
earlier mentioned findings [40] suggest 25 questions might be a possible optimal
length. Although a 25-question user average did seem to be based on over-stretching
users to the point of failure, which may not be conducive to a learning environment.
However, to ensure bias was not being front-loaded into the research design, users
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were provided with between one and thirty questions per level. It was decided that if
the higher question groupings performed well, then the research would be extended to
even higher numbers. If they performed poorly, then the emphasis would be on nar-
rowing towards an optimum.

2 Methods

2.1 Research instrumentation

A simple quiz app was developed using Unity software [42] and a quiz game tem-
plate kit [43]. Firebase Analytics [44] and Google Analytics [45] were used to collect
data from the app. This is achieved by inserting small code snippets into the app ac-
tivity class code to monitor user actions. The pilot study made use of the analytics
platforms’ real-time data on the web-based dashboard. The exploratory data was col-
lected and downloaded as a csv file. The app itself involves the answering of English
as a foreign language (EFL), multiple-choice quiz questions. Each question provides
three choices, the correct answer and two distractors. The questions are set in a pre-
sequenced order. If the user makes it through a stage and does not run out of lives,
then they will never see the same question again. They will progress or move for-
wards into new question areas. If they run out of lives, they start from the beginning
and follow the same sequence. Initially, users are provided with three lives to famil-
iarise themselves with the game. However, from the second game they are provided
with 100 lives, meaning there was no reason to repeat a stage, unless they opted to
stop and exited the game mid-stage.

2.2 Sampling procedure

A non-probability sampling procedure was implemented, the participants forming a
voluntary response opt-in group. This approach was practical and allowed for broad
exploration. A random sample would have required for the same research design, the
recruitment of a cohort of 900 users and the ability to provide them 900 devices. Real-
istically, the research design would have become more limited in scope, but would
have still required one device per user, possibly 100 devices. The researcher did not
have access to such a large number of devices. If the research had used users’ person-
al devices, then the sample would have once again become a voluntary sample, and
this would have raised additional issues, such as a potential power imbalance between
likely student “volunteer” users and the teacher-researcher. Consequently, the app
was published as an open test on Google Play. This means that the app was not for-
mally published but was openly accessible. The users were anonymously recruited
through Google Ads. This is a novel participant recruitment approach that has been
used in recent times [46], [47]. The participants were anonymous to the researcher.
No personally identifiable data was collected. The sample was derived from a popula-
tion of Android MALL users. The parameters of the population were largely defined
by researcher ability to pay and the Google Ads Al system, in this respect it was a
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convenience sample. For clarification, payment was to Google Ads for showing the
ads, they were shown on Google search pages, YouTube, and other third-party prop-
erties. The actual users received no payment.

2.3  Participants

Pilot data was not segmented due to small cohort sizes. Its function was primarily
to check that the randomisation code was working and to get an early indication of
how the lengths were inhibiting (or not) the user activity. During the primary research
period, the exploratory stage, 2174 users who reached the second level of a quiz were
identified by both age and gender. Their device settings enabled this information to be
shared. This was the app sample that had met all pre-conditions for selection (known
age, gender, and reached level two). 56% of the sample were women and 41% of the
sample were between 18-24 (see Table 1).

Table 1. Age & gender

Raw Age by Gender Gender by Age

Female | Male Female Male Female | Male Total
18-24 574 326 |(18-24 0.64 0.36 |18-24 0.47 0.34 0.41
25-34 227 193 [25-34 0.54 0.46 |25-34 0.19 0.2 0.19
35-44 137 138 [35-44 0.5 0.5 35-44 0.11 0.14 0.13
45-54 107 120 |45-54 0.47 0.53 |45-54 0.09 0.13 0.1
55-54 89 101 |55-54 0.47 0.53 |55-54 0.07 0.11 0.09
65+ 84 78 |65+ 0.52 0.48 |65+ 0.07 0.08 0.07
N=2174 1218 956 |All Ages 0.56 0.44 1.0 1.0

The users reaching a second level was deemed important, as it screened out users
who had downloaded the app and then never played. It improved the sense of learning
intention and focused the research sample on genuine learners. The app was used
internationally, users made it to at least the second level in 151 countries (or territo-
ries). Approximately 75.2% of usage in the largest age category 18-24, that met the
demographic criteria (age & gender), was located in 21 countries. The other 24.8% of
usage it is implied came from the other 130 countries, but which countries are un-
clear. However, it is known that the smallest recorded entry in the data is 47 events.
Therefore, we can assume the individual country event data entries for the final 24.8%
of the 18-24 age category are probably less than 47. This implies at least a further 42
countries represented in the 18-24 category which represent 0.45 of all usage. In the
other age categories, due to anonymity thresholds, far less countries are disclosed, and
explanation would be less meaningful, but all countries that are listed are among the
21 in Table 2 for 18-24-year-olds. The key point is that the users are dispersed global-
ly with a particularly strong presence in Africa, the Middle East, and Asia. Myanmar
has the strongest usage pattern and accounts for 10.6% of all known usage. Egypt
accounts for 7.2% and Algeria 5.3%. Iraq (4.3%), Bangladesh (3.4%) and Pakistan
(2.1%) are the only others above 2%.
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Table 2. Top country usage for 18-24-year-olds

Myanmar (Burma) 1600 |Ethiopia 217 |Colombia 158 |Uzbekistan 100
Egypt 682  |Morocco 207 |Jordan 145 |Azerbaijan 92

Bangladesh 437  |Tunisia 207 |India 140 |Turkey 83

Iraq 411  |Somalia 195 |Lebanon 131 |Sudan 69

Pakistan 374  |Palestine 177 |Vietnam 125 [Nepal 53

Algeria 276

The population was initially randomly assigned question sets 1-30 during the pilot
stage. But the research narrowed and only 14 sets were recorded in detail. This largely
explains why 59.3% of the population sample is used. Only a snapshot of the activity
of the potential qualifying app population (N=2174) are included in the experimental
windows. The main cohort participants (n=1291) found in the exploratory stage, en-
tered, and completed at least one level in the recorded cohort experiments, at some
point during the nine-day windows. The majority entered in the first 48 hours of the
window, as this was the recruiting period when the ads were live, but there was no
way to prevent others joining or controlling when a recruited participant would com-
plete the requirements of recruitment. This was not a lab experiment; the social envi-
ronment could not be controlled. Furthermore, the research is focused on the general
impact of question length on learning and not segmented by age, gender, or country.
However, for reference, the cohort is slightly skewed towards women (56%) and
heavily skewed towards younger adults (41% < 25 years of age, 60% < 35 years of
age). In terms of actual levels played and passed, women account for 64% of activity
(see Table 3), suggesting they were more active than men. These factors need to be
considered when extrapolating from the data.

Table 3. Usage by age & gender

Raw Age by Gender Gender by Age

Female | Male Female| Male Female Male Total
18-24 5237 2584 |18-24 0.67 0.33 |18-24 0.47 0.41 0.45
25-34 1622 1253 |25-34 0.56 0.44 |25-34 0.15 0.2 0.16
35-44 1110 927 [35-44 0.54 0.46 |35-44 0.1 0.15 0.12
45-54 1018 531 |45-54 0.66 0.34 |45-54 0.09 0.08 0.09
55-54 1343 627 |55-54 0.68 0.32 |55-54 0.12 0.1 0.11
65+ 783 408 |65+ 0.66 0.34 |65+ 0.07 0.06 0.07
Levels 11113 6330 |Total 0.64 0.36

2.4  Participant consent

The users were invited and opted into the research. This involved two steps. First-
ly, they would have clicked on the advert for an English quiz game. Approximately
2.5% of ad viewers clicked. Secondly, once at the quiz game store page, they would
have chosen to install the app and 47% did elect to install the app. In other words,
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roughly 85 potential participants were invited for every participant who elected to
install the app. The app store page clearly stated that the app was collecting data for
academic research purposes. This was also stated in the privacy page and a link was
included inside the app. The data itself was collected using Google Firebase (GF) and
Google Analytics (GA). It was anonymised at source. Google Analytics (GA) in-
cludes data thresholds. Essentially, GA do not release the data to collectors until the
app users’ anonymity is assured. Furthermore, GA automatically delete any identify-
ing information, such as age and gender segmentation after 90 days, to comply with
international standards, for example, EU general data protection regulation (GDPR).
For clarification, no attempt was made to uncover user identities and the data was
deleted from GF and GA once the research period was concluded. Also importantly,
the study is in accordance with the Helsinki Declaration, and comparable ethical
standards. In terms of human research as defined in the Helsinki Declaration [48],
[49] and Belmont Report [50], no individualised data was collected. Since no individ-
ual data was collected, the risk of unintentional harm to the participant was greatly
reduced. In addition, no direct physical contact was ever made with the participants.
The project was essentially a form of observational research in a digital social con-
text. Furthermore, the research data is based on the playing of an educational app
targeted at, and exclusively collecting data on, adult users. US federal policy 45 CFR
46.104-d-3-ii [51] cites adult online game activity as an example of benign research
activity in the context of education. Given the online nature of the research and the
fact American analytic data platforms were being used to collect participant data, US
regulatory standards seemed particularly relevant as a source of ethical guidance.

2.5 Random group placement

The installed users were initially placed into 30 groups. The placement was effec-
tively random. Inserted in the app code was an initial randomisation set up function.
The number of quiz questions per level for each user was set for the duration of the
project stage at between one and thirty questions. It can be argued that randomly pro-
duced numbers are essentially pseudo-random rather than truly random. However,
randomness is effectively achieved by inputting the time stamp of the function call.
The time the user chose to open the app could not be controlled by the researcher, and
the comparative selection of time across the global cohort of users was unknowable to
the user, consequently this assured unpredictability (randomness) in group selection.
It quickly became apparent that randomly collecting data from 30 groups would be
expensive, this supports the previous feasibility study findings [46]. For example,
creating 30 groups with a minimum of 30 participants (minimum n=900), based on
age, gender, country and who had returned for a second session, was estimated to
require the recruitment of over 15,000 users. The estimate is based on achieving min-
imum cohorts of 30 participants in each of 30 groups (est. n=900). But working
backwards, only 33% of users will return for a second session (est. n=2700). Some
groups will return at much lower rates (approx. est. n=5400). Also, only 36% of us-
ers’ age and gender were known (est. n=15,000). At this point, permissible budget
parameters were breached. In addition, GA will not show data for a specific group
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until a threshold is achieved. There was a risk of the project running out of funds
before data became accessible. As a result of the mounting costs and cost estimates,
the research elected to pivot and follow a staged approach. A pilot stage of real time
data was used to narrow the question set range 1-30 to a more affordable range. The
exploratory stage used a narrower pool of randomised clustered groupings.

2.6  Research stages

The Pilot — In the pilot, the users were monitored using “Real-time” mode in GF
and GA. Realtime mode allows a researcher to look at real-time data in a 30-minute
window. The 30-minute window was monitored for 29 hours of the 48-hour period.
The first goal was to confirm the random usage of each question set 1-30 by new
users. Did the app insert code work? The second goal was to then monitor game level
passing success of users as they returned to play the games. This required the use of
both GF and GA; GF was used to monitor new users and GA was used to monitor the
event of reaching and using a higher level of play. If a user was tagged for the first
time opening of the app, then the number of questions per level was also tagged. This
was logged and recorded. By looking at the window several times every hour, it was
possible to build a picture of how random and uniformly spread the question sets 1-30
were. It was found that 29 of the 30 sets appeared within the first 68 recorded uses
over a period of 17 hours. The final set was noted in the 107" recording, 12 hours into
day two. The 107 live recorded users were from a total of 168 users that had joined
during the full 48-hour period.

Exploratory stage — The app was reset. Then three further cohorts were created
applying an iterative DBR approach. In cohort one, users were randomly given one of
five question set lengths; 2, 6, 10, 15 or 19 (using the same random code approach as
previously stated). These lengths were selected as representative of clusters based on
the findings in Table 1. The data was clustered into sets 2-5, 6-9, 10-13, 14-17 and
18-21. One number was selected from each cluster. It was decided to stop at 19 be-
cause it had been demonstrated that approximately one in five return users had been
willing to pass a 19+ question level quiz. It seemed likely that this number would
overcome GA data thresholds. A brief analysis of the cohort one data led to a second
cohort that were given lengths 1, 3, 7,9 and 11. This then led to a third cohort provid-
ed question set lengths of §, 12, 13 and 14.

Parabolic modelling — A quadratic regression predictive model was applied to the
data. Essentially threading a path through 14 question-set length means, modelling a
guiding estimate based on the data, of optimal and inhibiting selection.

2.7  Reliability and validity

Reliability was ensured by the automated design of the data collection. The same
app was used throughout the experiment. The data was collected using the same
mechanisms. In terms of validity, the measurements appear to have face validity. In
fact, the instrumentation accurately measures the number of questions answered.
However, in terms of sampling validity, non-probability convenience sampling nega-
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tively impacts generalisability. This is discussed further in the discussion limitations
section.

3 Findings

The focus of the research was on answering one key question. Does the number of
questions in a quiz level impact total work completed? If yes, are there optimal and
inhibiting question payloads delivered as a level set?

3.1 Initial results

The pilot study, appeared to show in broad terms, that quiz level does impact quan-
tity of work completed. According to GF, of the recorded 168 users, 91 users returned
to play more than one level, or one more session, during the 48-hour period. The
research captured 73 of these levelling up user interactions in the 107, 30-minute
window, sessions during researcher monitoring hours. These session clusters are very
uniformly distributed. For example, the 107 recorded new users were distributed; 1-10
(n=37, 34%), 11-20 (n=37, 34%), 21-30 (n=33, 32%). When compared to the actual
distribution of level passers, by length of question set, Table 4 suggests that a cluster
of 1-10 question set users were almost 3.4 times as likely to return to the app and pass
a level as the 21-30 question set cluster. This appears to be a very significant result. A
chi square test of independence found there was a significant relationship between the
three clusters and the distribution of level passers (p < .001) compared to the expected
distribution of level passers. It would appear to support the hypothesis that the length
of question sets does play a role in whether users progress beyond the first level.
However, while a clarifying finding, this is not surprising. A small payload of two
questions would allow many users to complete and be given the opportunity for a
second payload. A large payload, such as 25 questions, was always likely to have less
users complete and consequently many would not qualify for a second payload. How-
ever, we now have some data to support this view. Large question sets appear to in-
hibit usage.

Table 4. Clusters of ten lengths distribution of level passers

Question Sets New User (n=107) Level Passer (n=73) Actual/Expected
1-10 34% 60.2% 1.77
11-20 34% 23.3% 0.69
21-30 32% 16.5% 0.52

chi square p <.001

The clustered results suggest the optimum number of questions per set are more
likely to be in the lower question sets as users were more likely to return. However,
more data was required to determine the optimum set size. But clearly higher question
set lengths do seem to be inhibitors. The next step was to take a snapshot of a variety
of question set lengths to see if a pattern would emerge.
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3.2 Exploratory results

The exploratory results appear to confirm that quiz length both inhibits and opti-
mises learning. A one-way analysis of variance, and a quadratic regression model,
suggest that quiz level length has a parabolic relationship with learner output.

Long quiz lengths inhibit learning — An exploration of various question lengths
strongly suggested optimal and inhibitor question length sets do exist. In the explora-
tory stage, the research looked at three cohorts. Each cohort was compiled to support
or refute the findings in the previous stage or previous cohort. Cohort one considered
five payloads, question sets: 2, 6, 10, 15, and 19. The focus was on users who were
known to have started at least two levels and passed at least one level. The results in
Table 5 are statistically significant (p < .01) and support the findings in the pilot. The
install distribution was relatively even across the five payload lengths, but the distri-
bution of those who levelled up, correlated to the number of questions in a set and
mirrors the findings found in the pilot. Higher question lengths do seem associated
with inhibitor effects.

Table 5. Cohort one distribution of level passers

Question Sets New User (n=1017) Level Passer (n=244) Actual/Expected
20.5% 35.7% 1.74
18.8% 17.6% 0.93
10 20.5% 18% 0.88
15 21.2% 15.6% 0.73
19 19% 13.1% 0.69

chi square p =.005

Iterating towards optimum — The mean average answered questions, as shown in
Table 6, provide a fairly accurate picture of which were generally the best quiz set
lengths. There were two findings in cohort one that started the iterative narrowing
optimisation process. As Table 6 cohort one shows, for motivated users question sets
10 and 15 are significantly more active but sets of 19 appear too large and six or less
question lengths appear too small. The optimal, and inhibitor, effects are both starting
to reveal themselves. To confirm the results of cohort one, cohort two was comprised
of question set lengths 1, 3, 7, 9, and 11. It appears to follow a similar pattern. In this
case, question lengths seven or less appear less than optimal, nine is of interest, but
eleven is the optimal choice of the cohort. Please see Table 6 cohort two. The cohort
three iteration was compiled based on the understanding that seven or lower and fif-
teen or higher appeared to be inhibitor options, while nine, ten, and eleven appeared
interesting optimal possibilities. The data suggests (see Table 6 cohort three) that
eight is the minimum size of interest, with a comparable result to a set of nine, while
thirteen and fourteen are also interesting results, but twelve was the optimal choice.
However, within cohort three there was no statistically significant difference between
the four lengths.
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Table 6. Cohort mean averages

Cohort One Cohort Two Cohort Three
Set Mean 95% CI Set | Mean 95% CI Set | Mean 95% CI
21.79 | [17.00,26.59] |1 24.28 [19.47,29.09] |8 52.26 | [43.30,61.21]
3544 | [27.57,43.32] |3 32.94 [25.54,40.35] |12 70.24 | [54.98, 85.49]
10 5295 | [39.49,66.42] |7 37.06 [30.46,43.67] |13 61.59 | [48.30, 74.88]
15 46.18 | [38.81,53.56] |9 55.33 [43.98, 66.68] |14 53.89 | [45.41,62.36]
19 35.63 | [29.41,41.84] |11 61.98 [49.05, 74.90]

One-way ANOVA (p <.01)

One-way ANOVA and Tukey post hoc test — A one-way ANOVA was per-
formed on the raw user results of the question length sets to determine actual effect.
Statistically significant findings were found (F (13) = 8.85, p < .001). However, a
Tukey post hoc test revealed there were no, statistically significant pairwise differ-
ences between sets 1-7. There were also no, statistically significant pairwise differ-
ences between sets 8-15. But statistical significance was seen between these broad
groupings and a third grouping comprised of set 19. The set length 12 appears to be
the keystone. It reveals statistically significant pairwise difference to each set tested

from 1-7, and to set 19 (see Figure 1).
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Fig. 1. Boxed significant pairwise difference

Furthermore, the mean average difference between set 12 and the listed sets, con-
servatively accounting for the 95% confidence intervals (see Table 6), was large:
25.9%-106.8%. As can be seen in Figure 2, this analysis was extremely conservative.
While the data forms a peak at set 12, it is not definitive in defining set 12 as the ab-
solute peak. What the data is suggesting is that there is a peak optimal zone and there
are sub-optimal zones. There are three significantly different points that can be used
to plot a parabolic graph. The zonal parabolic pattern can be identified in the boxed
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areas of Figure 1. This is further supported by the Tukey ad hoc test results for set
lengths one and two. Lengths one and two have no statistically significant difference
to the other sets 1-7 nor 15-19 but are both statistically different to 8-14. This is ap-
proximately the inverse result of set 12, and we can deduce that they also support an
optimal zone between set lengths 8-14.

80 100
1 1

Answered Questions
60
1

20
1
—a
=

T T T T T
10 15 20
Quiz Level Length

B Mean +—— Cl9%%

Fig. 2. Range of significant pairwise difference to set 12

Set one was effectively a control group. If a set one user answered one question
they levelled up. There was no friction caused by question length. While each of the
sets 8-14 could not be compared with each other, they could be compared to set one.
It can be seen in Table 7 that sets 8-14 produce, at least, between 36% and 89% more
mean answered questions than set one. Equally, again accounting for the 95% confi-
dence intervals, sets 1-7, and set 19, produce only 0.48 to 0.79 of the mean answered
questions that set 12 produces. In combination, we can deduce from these results that
quiz length stimulates a quantitative work completed response and that response is
likely parabolic, climbing to a peak and then declining.

Table 7. Significant level length comparisons

Set Multiples of Set 1 Set Multiples of Set 12

1.49 1 0.53
1.51 2 0.48

10 1.36 3 0.73

11 1.69 6 0.79

12 1.89 7 0.79

13 1.66

14 1.56 19 0.76

Analysis conservatively factors in the 95% CI min/max range.
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Quadratic regression predictive model — In order to further support the seeming-
ly parabolic work completed response finding, a quadratic regression was performed
to model the relationship seen between question set length and average mean of ques-
tions answered. A sample of 14 question lengths was used in the analysis. The results
show that there is a statistically significant relationship between the explanatory vari-
ables question length and question length squared, and the response variable mean
questions answered (F (2, 11) = 19.07, p < .001). Question length appears to account
for 77.6% of variability in mean questions answered. The quadratic regression equa-
tion can be seen below and is visually represented in Figure 3.

Equation
Predicted output = 9.7125 + (7.9085 * level length) + (-.33655 * level length?)
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Fig. 3. Parabolic modelling and optimal zones

3.3  Hi optimal payloads

The optimal zone — As stated, it is possible to construct optimal and suboptimal
zones based on analysis of the pairwise statistical significance of set 12. Set 12 can be
compared to sets 1, 2, 3, 6, 7, and 19 in the data, showing differences of 26%-107%
after accounting for the 95% confidence interval. These strong results are supported in
the literature by previously reported findings [40]. The results are statistically signifi-
cant, and they show a large difference in user output. Using this comparative data, a
border can be drawn, and sub-optimal regions can be defined. Sets 1-7 are sub-
optimal in comparison to set 12, as is set 19. Conversely sets one and two are statisti-
cally different to sets 8-14, while set 12 is not statistically different to sets 8-14.
Again, the border is drawn, cutting seven from eight and 14 from 15. It can be stated
that an optimal question set will be at least eight questions and tentatively less than
15, but 15 itself appears to be in a grey zone. Therefore, the optimal zone can be de-
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duced as likely being within sets 8-14. But further research is required. See Figure 3
for a boxed outline of the broad optimal and inhibiting zones.

Peak payload not confirmed — The data suggests 11, 12, and 13 are all solid
lengths and broadly support H;. However, the data cannot verify which is truly opti-
mal. All three appear reasonable choices. But, set 12, as already stated, can be com-
pared to the largest number of suboptimal sets, and is further supported by the quad-
ratic regression model. In addition, set 12 also has multiple factors that 11 and 13 do
not possess. 12 is a particularly interesting number as it lends itself to further optimi-
sation through component combination. The number 12 includes the factors two,
three, four and six. This means we can include mini payloads within the question set
to further optimise learning. For example, 12 questions, six new vocabulary items,
four topics, three grammar points and two CEFR levels. It does seem likely that there
are optimal pathways to learning and factor component combinations could be an
interesting approach to materials optimisation.

3.4 H:inhibiting payloads

Larger payloads — There was evidence to suggest inhibiting payloads existed when
quiz length became too long. The findings on inhibiting longer lengths were relatively
unsurprising. It appeared users reacted increasingly negatively to quiz levels with
over 15 questions.

Smaller payloads — The results were of genuine interest. The analysis suggests
very small payloads such as two or three question sets did not lead to much work
being done. They appeared to support A,. They seem ultimately to inhibit learning
potential and intention. They are not stretching people. The data suggests, see Table 8,
over 40% of users may not have completed a three-question game level. However, if
they do continue, they would be just as likely to complete eight questions. Two and
three question sets are not efficient. The quadratic regression model further supports
the notion that a low number of questions inhibits the amount of study completed. As
can be seen in Figure 3, the lowest question set that provided reasonably strong results
was a set of eight questions.

Table 8. Level one aborted

1 3 7 8 9 11 12 13 14
Abort 0.163 0.429 0.466 0.445 0.542 0.577 0.601 0.593 0.669

4 Discussion

Analysis of the findings suggests quiz level length matters. The null hypothesis
(Ho) can be rejected. Large differences in learner outcomes have been observed. The
results appear to demonstrate the subconscious role of stimuli response within the
operation, creating a statistically significant effect on the outcome of the activity.
There is an optimal zone, however a meaningful singular optimal length cannot be
definitively proven by the data, but it is likely to be at, or in the vicinity of, length 12.
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The actual 26% gap between set seven and set twelve that is present in the conserva-
tively adjusted data is large. It would be reasonable based on the quadratic regression
model to see a gradual increment of approximately 5% between each added question
from seven to twelve. However, an abrupt jump somewhere between seven and
twelve cannot be discounted. A gradual increment would support a clean optimal peak
while an abrupt shift would support a clean optimal zone. There is support in the data
for an incremental hypothesis. Lengths one and two can be compared to 8-14, and
length three can be compared to 11-13 and lengths six and seven can be compared
only to 12. The narrowing is suggestive of incremental optimisation heading towards
a peak at length 12. However, more data is required to concretely elicit such level of
nuance. What can be stated is that the level lengths appear to coalesce within opti-
mum and sub-optimum areas. There are clearly learning consequences to level length
design decisions. These consequences can be seen in personal learning choice and the
distortion of broader design decisions.

4.1 Personal choice

From the perspective of a self-study user, the problem is unintentionally limiting
personal growth. Daily question apps are attractive marketable apps. The popularity
of the apps is probably inspired by a mindset that a little bit of study is manageable or
better than nothing. But if users understood the net result would be a lot less study,
would it be as attractive? There is value in one question a day, if the alternative is
zero study, but to a user who wants to pace themselves, they may have undermined
their own learning goals. A conservative user would probably be better off using
between 8-12 questions. EdTech developers should be more cognizant of the implica-
tions of their designs for their users’ needs. The developers are probably not able to
control or manipulate level length in all scenarios, but they could utilise it as part of
personalisation packages. It is likely EdTech will need to educate both students and
teachers, on the outcomes of level length, and allow the user to make optimal choices
for their personal circumstances.

4.2  Game design distortion

Game design effectiveness could be distorted if level length is not controlled for
and well understood. For example, if creating a gamified EFL quiz app, with the in-
tention of promoting greater autonomous learning then it would seem question set
length selection could be critical. The length could inhibit the gamification effect, or it
could magnify it. A lack of understanding of how question length selection effects
results, could in turn lead to over or under apportioning credit to any gamification
strategy employed. For example, if we use the quadratic regression model data, which
is more conservative than the raw data, look at Figure 3, selecting an inhibiting
length, such as five would only produce 0.73 of the mean average of the optimal
length 12. This is a very significant difference that must be considered. Put another
way, switching from five questions to the use of 12 questions could magnify results
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38% for a self-study approach. This is a large, conservatively modelled gain for a
single simple adjustment.

4.3  Classical conditioning

The primary principle of classical conditioning is stimulus response. Level length
variation stimulates a variation in response. The coupling of the completion of quiz
questions and variable level length is leading to different quantities of work being
undertaken. The optimal zone length covers a range of 8-14. Given base ten is how
modern global society counts, it could be posited that the users are subconsciously
expecting to complete the task in ten questions. Possibly a set of ten has the gravitas
to hold user concentration and stretch them a little more. The app did not number the
questions, the users received no cues as to how many questions they had answered. It
is plausible that we have been conditioned by social norms to work approximately in
tens, in much the same way as Pavlov’s dogs [33], [34]. Furthermore, the lack of
conscious self-awareness of this conditioning, means we can be stretched to answer
between 11-14 questions before activating meaningful statistically significant re-
sistance. However, further research is required.

4.4  Constructing new theory

Conceptually, activity length is a parabolic stimulator and constrainer of learning
activity. The level of stimulation or constraint can be calculated using a parabolic
prediction model based on quadratic regression. Consequently, variation in learner
output can, to some extent, be predicted and optimised based on length of an activity.
This is very well suited to the optimization of educational technology. Iterative appli-
cation testing will allow for rapid output optimization based on activity length theory.
It can also cross-apply to other professional environments. Although in this case,
professional practitioners may benefit from the provision of pre-modelled optimiza-
tion for various activity types. For example, for a multiple-choice quiz with one an-
swer and two distractors, as found in this paper, the optimal model length is 12. This
is based on the modelled data in Table 9 that was calculated using the quadratic re-
gression equation as found in the findings.

Table 9. Modelled data for quiz level lengths 1-25

1 17.284 |6 45.048 |11 55.983 16 50.092 21 27.372
2 24.183 7 48.581 |12 56.151 17 46.894 22 20.809
3 30.409 8 51.441 (13 55.646 18 43.023 23 13.573
4 35.962 9 53.628 (14 54.468 19 38.479 24 5.664
5 40.841 10 55.143 (15 52.616 |20 33.263 25 -2.919

62 http://www.i-jim.org



Paper—A Determinant of Optimal and Inhibited Mobile Language Learning Activity

4.5 A general model of activity duration

Arguably, for the theory to cross-apply to professional practice, it is likely that it
must be developed into a more general theory applicable to all intentional activity in
all contexts. It is highly likely that this will be a theory of activity duration. Time, will
often, be the simplest measure for cross-application. As can be seen in Table 10, for
this language learning app, one question can be modelled as taking approximately 20
seconds. An optimal time unit based on 12-questions is precisely four minutes (240
seconds). A 15-question level length, which appeared in the study to be of borderline
significance, sets a limit for optimal activity at less than five-minutes (< 300 seconds).
The minimum time unit would be greater than a length of seven (140 seconds), most
likely about 2.5 minutes. In a classroom context, practitioners may find that creating
action blocks (equivalent to game levels) of about 4 minutes within classroom tasks,
leads to optimal output. They may also find action blocks greater then 5 minutes or
less than 2.5 minutes are inhibiting output.

Table 10. Modelled activity duration of the optimal zone

Length 1 7 8 9 10 11 12 13 14 15
Seconds 20 | 140 | 160 | 180 | 200 | 220 | 240 | 260 | 280 | 300

This preliminary model data is tentatively provided as a starting point for cross-
applying to professional practice. It is also likely that absolute precision is not re-
quired in many contexts and may vary between contexts. Therefore, it stands as a
useful exploratory jumping off point, but more data is required to make the case for
precise parameters.

4.6 Limitations

The non-probability sampling made the research possible but limits the generalisa-
bility of the findings. The research is at risk of under coverage bias, self-selection bias
and non-response bias. This is partially mitigated to a certain extent by Thorndike’s
law of readiness [36] and the focus on self-study, self-motivated students; self-
selection was a requirement of the research. The users had to want to do the activity.
In addition, the collected demographic data suggests coverage has been relatively
broad, and therefore the main issue is non-response bias. This likely bias does limit
what can be extrapolated from the data. The research took place in a real-world global
environment. The users faced many unknown impediments and were possibly receiv-
ing unknown rewards impacting their personal intention to study. Question set length
was only one variable influencing study activity. It would be interesting to see the
research at least partially replicated under experimental lab conditions. However, full
replication is unlikely, the research allowed the participants to transfer intention to
action over a nine-day period. This affordance is not likely under lab conditions, un-
less undertaken in a regimented environment, such as a prison or hospital. A further
limitation is the sample size. While not small, it does not appear large enough to pre-
cisely account for all variation in the data. However, it is precise enough to show an
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optimal zone. There are significant differences in mean average scores, uninstall rates
and the most productive users, that combine to demonstrate a significant effect has
occurred.

4.7 Future research

The construction of activity length theory and its application to various types of
learning activity could be of great interest and could help professional practitioners in
optimising student output and maximising user activity. The first step will be an ex-
amination of the influence of time on intentional activity. A postulated general theory
of activity duration would then need to be tested with reference to different quantifiers
of activity length, such as questions answered, utterances produced, or words written.
The theory, it can be hypothesised, potentially applies to all activity; for example,
games, listening activity, multiple choice quizzes, revision exercises, speaking activi-
ty, and timed writing. This will require extensive future research. However, the find-
ings also lend themselves to other broader areas of concern. For example, behavioural
research could be undertaken based on awareness of question set stimuli response.
There could also be an argument for revisiting past research that may not have ade-
quately factored in an activity length effect. In addition to m-learning application
research, by cross-applying to professional environments, classroom-based studies
could prove to be a rich vein of do-able research.

5 Conclusion

The major contribution of the paper is to bring into focus an aspect of mobile
learning that was hidden in plain sight. Quiz level length significantly impacts total
work completed. The null hypothesis Hy has been rejected, and both H; and H, are
supported. It is evident from the data, that learners have subconscious parameters for
task completion, which may include a socially conditioned default to sets of ten. Fur-
thermore, it is important to note, that providing learners with too little or too much
work can lead to missed opportunities and negative responses, respectively. The op-
timal choice for quiz level length appears to be 12 questions on average, but this may
vary from person to person and class to class. Awareness of the optimum set length is
crucial; learners and teachers need individualised optimisation strategies. Multiple
level length options seem appropriate for self-study technologies, with data driven
formulations of what lengths might best suit the individual user. Additionally, it is
recommended that the anticipated effect of length selection, on a user’s learning,
should be signalled to that user in advance. Self-awareness followed by a critical
exploration of personal results will likely magnify individual ownership of learning
routine. Learners will become more productive by understanding what quiz level
length works for them. Moreover, the implications of quiz length choice may extend
to professional environments. For example, classroom lesson effectiveness might also
be impacted by teachers’ quiz length choices. An awareness of the influence of activi-
ty length, could lead to a broader pedagogical look at how, in general terms, activity
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length affects classroom learning. A theory of activity length could have significant
implications for teaching, materials design and ultimately student outcomes.
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