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Abstract 
Student motivation is foundational to effective learning across both classroom and self-directed 
contexts. Maintaining, let alone improving, student motivation is a challenge that remains from the 
earliest modern educational research. In the present study, we establish predictors of student 
motivation by examining data collected by Shonan Seminar (SHO-zemi) as part of their efforts to 
characterize their instructional programs. Compared to public educational institutions, SHO-zemi 
experiences strong pressures to optimize student motivation and provides extensive training to 
teachers for implementing motivation-boosting strategies. As in any educational context, however, 
there are marked difficulties in measuring transient student energy levels and emotions. Historically, 
such assessments have been performed by expert observers and are time-intensive. More recently, 
however, experience sampling methods have provided a technologically-mediated, less resource-
intensive approach for individuals to report their internal state. While such methods are not without 
shortcomings, they have enabled experiments and observations that were previously infeasible.  

Over the past two years, SHO-zemi has implemented tablet-based surveys of student emotion, 
arousal, and attitudes in both 4-day residential and semester-long weekly tutoring contexts. This 
approach is highly streamlined, works without an internet connection, and requires only about five 
minutes of classroom time to administer. There is also potential for massive scale in both of these 
contexts, given approximately 1000 students in the summer residential program and 200 centers with 
relatively homogenous classrooms offering weekly tutoring. In the present report, however, we focus 
on an initial trial including 39 students in a 4-day residential program. This context offered a structured 
opportunity to collect surveys three or four times a day at standardized times as students studied for 
an upcoming high school entrance exam.  

The primary aim of this report is to characterize the emotional context experienced in this residential 
tutoring intervention where student motivation was not only maintained, but generally increased. 
Broadly speaking, students reported marked emotional shifts following administration of mock exams. 
As an initial step, a Principal Component Analysis (PCA) was used for each reported emotion to 
characterize the time structure of emotional responses. Scree plots reveal that the first component 
generally explains student differences much more than other components. Moreover, the largest 
components correlated better between emotions as compared to raw emotion scores, presumably 
because the decomposition highlighted underlying events that were driving these emotions. 
Subsequent to this decomposition, stepwise linear regression revealed a robust effect across model 
sizes in which happiness, sadness and feeling “able to achieve good results” significantly predicted 
student motivation. Additional analyses are also provided, including demonstration of the limitations of 
this approach in situations where students are engaged in a more heterogeneous daily experience. 
These methods and results lay the foundation for future experiments in which a massive parallel class 
structure can be leveraged to test causal relationships via interventions that may emotionally support 
improved motivation, and thus improved learning outcomes. 
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1 INTRODUCTION 
A central challenge of educational research arises from its multi-faceted nature. It is difficult to 
disentangle the various factors that might contribute to teacher-student success and determine which 
elements are most deserving of attention or improvement (though see [1] for an attempt to synthesize 
what is currently known). Here, we focus primarily on the issue of student motivation. While there is 
some debate around the centrality of motivation for improving educational outcomes, it is a logically 
necessary component of education and has a sufficiently rich structure unto itself to serve as an 
example of the broader challenge of the multi-dimensional nature of educational research [2]. 
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Notable interest has been generated around Massive Open Online Courses (MOOCs), due to the 
potential for analysis at scales that would be difficult in traditional educational settings and may 
provide sufficient statistical leverage to address the “curse of dimensionality” in education [3]. MOOCs, 
however, present non-trivial challenges to truly generalizable research. In particular, it is known that 
compliance is difficult to enforce or even assess, and attrition rates range up to 97% of a given class 
(Rivard, 2013). More critically, our knowledge of student behavior in MOOCs is largely from the point 
of view of a web server. In particular, we have little idea of what a student is doing or feeling beyond 
their interaction with a web site during very limited time windows. 

As a complementary approach to understanding education through scale, Shonan Seminar (SHO-
zemi) has embarked on a data collection effort in their own programs which engage over 31,000 
students across over 200 centers (as of January 2017), and have an average retention rate of 99% 
each month. SHO-zemi has instrumented their in-person educational settings in an effort to leverage 
their scale to better understand factors that lead to improved student performance. As an illustrative 
case, emotional and cognitive status were sampled in an intensive residential tutoring program with 
the primary goal of identifying measures that are predictive of positive outcomes – here we focus on 
reported student motivation. It is well known that motivation generally declines over time in an 
educational setting [4], and this summer program has evolved to include an extensive array of 
motivational strategies to ideally increase motivation. The overarching goal, however, is to illustrate 
ways that educators can be brought into the research process, allowing them to check their qualitative 
intuition with quantitative measures. Ideally, this paper will contribute to an emerging community of 
“learning engineers” [5] comparable to what is seen in the nascent “development engineering” 
community (described below). 

2 METHODOLOGY 
Students in an intensive summer tutoring program participated in cognitive and affective assessment 
three to four times daily using Android™ tablets in the context of regularly scheduled tutoring activities 
(Table 1). In accordance with SHO-zemi policy at the time, parents were notified a minimum of two 
weeks prior to data collection to allow sufficient time to request that their child not be included in data 
collection and a de-identified dataset was used for all analysis to maintain anonymity. While data 
collection times were pre-determined in this case, this approach is quite similar to “experience 
sampling” [6]. These data, in conjunction with routinely collected data from the educational setting 
provide an opportunity for a rich, quantitative characterization of students’ mental states, experiences, 
and academic performance. Tablet data collection began with a survey (see below) and was followed 
by selected Lumosity™ games (game data is not discussed below, but students clearly enjoyed them 
and this facilitated survey completion). After familiarization, each survey required no more than 3 
minutes to answer. 

The primary sample discussed below comprises one “homeroom” class of 39 (19 male, 20 female) 14- 
to 15-year-old Japanese 9th grade students (in their final year of middle school) sampled out of an 
approximately 850-student, four-day residential summer tutoring program held at a resort town north 
of Tokyo in 2015 (the larger of a two-site 1010-student summer program). These students completed 
a sample high-school entrance exam prior to attendance and on days 2–4, and were (re)assigned to 
level-appropriate classrooms with students from other homerooms each day. This design allowed a 
convenience sample of students who were exposed to different classroom environments. The context 
of a residential program further provided a highly-controlled environment in which dramatically fewer 
“external” factors could potentially drive students’ behavior and experiences. Further distinguishing the 
setting from the conditions of a MOOC, only one student failed to complete a subset of surveys (due to 
illness). 

Table 1.  Survey timings over the course of the summer tutoring program. 

Day Situation Time 

1 On the train to program 12:00 pm 

1 After lesson 6:00 pm 

1 Before sleep 11:00 pm 

2 & 3 After waking up 7:00 am 

2 & 3 After placement exams 11:00 am 
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2 & 3 After lesson 6:00 pm 

2 & 3 Before sleep 11:00 pm 

4 After waking up 7:00 am 

4 After placement exams 11:00 am 

4 On the train to home 2:00 pm 

2.1 Survey Details 
Each survey consisted of 11 questions that corresponded to different emotions and cognitive states 
related to the students’ classroom performance (Table 2). Surveys consisted of visual analog scales 
(VAS) [7]. Unlike a Likert scale, a VAS can be more easily interpreted as a metrical quantity, and can 
moreover allow sensitivity to small shifts in a participant’s ratings over time. In particular, measures of 
Global Vigor and Global Affect (VAS-GVA) [7] have been developed in the context of research on the 
impact of sleep on emotional and cognitive functioning. A version of this survey was already localized 
for Japan [8] and was further adapted for Japanese middle-school students by teachers at SHO-zemi 
(see Acknowledgements for details). As reflected in Table 2, some constructs were considered difficult 
to translate, and thus were translated into two different phrasings. the VAS-GVA [7] to measure 
subjective characteristics that could not be directly measured with traditional methods of survey. The 
original VAS-GVA probes eight states: (1) alert, (2) sad, (3) tense, (4) effort, (5) happy, (6) weary, (7) 
calm, and (8) sleepy. For item (4), the phrasing is “How much of an effort is it to do anything?” and the 
remainder have the form “How X do you feel?” Given its centrality in the studied program, we added 
an additional motivation item.  

Table 2.  VAS-GVA Items in Survey. 

Emotional Construct Corresponding Question + Japanese Translation 

Alert (variation 1) How clear-headed do you feel now? 
Ima, ishiki-ga hakkiri-shi-te imasu-ka? 

Alert (variation 2) Is your brain working smoothly now? 
Ima, atama-no kaiten-ga sumuuzu desu-ka? 

Sad How sad do you feel now? 
Ima, kanashii desu-ka? 

Tense  How nervous/tense do you feel now? 
Ima, kinchou-shi-te imasu-ka? 

Effort (variation 1) How much of an effort is it to do anything now? 
Ima, nanika-wo suru-to shita-ra, taihenda-to kanjimasu-ka? 

Effort (variation 2, “achieve”) Do you think you can achieve good results now? 
Ima, yori yoi kekka-wo daseru-to omoimasu-ka? 

Happy How happy do you feel now? 
Ima, shiawase desu-ka? 

Weary How tired do you feel now? 
Ima, tsukare-te imasu-ka? 

Calm How settled/calm do you feel now? 
Ima, ochitsui-te imasu-ka? 

Sleepy How sleepy do you feel now? 
Ima, nemui desu-ka? 

Motivated Are you motivated overall? 
Ima, yaruki-wo kanji-te imasu-ka?  
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2.2 The Open Data Kit™ for VAS items 
The Open Data Kit (ODK) was developed as part of the emerging field of “development engineering” 
[9] to provide a low cost electronic survey platform that would allow automated validation and 
aggregation of traditional survey data alongside novel forms of data provided by a mobile device, such 
as GPS and photos. The use of open standards allows one to invest considerable effort into complex 
form logic without lock-in and additionally means that a capable researcher can implement new 
functionality. For this project, a graduate student implemented a novel survey question type for Visual 
Analog Scale (VAS) items (depicted in Figure 1). Enhancements to ODK aggregate to support VAS 
items using slider widgets are freely available at https://github.com/glass-bead-labs/collect.  

 
Figure 1. Cropped screenshot of ODK VAS items. Sliders did not appear until participants made their initial 

selection to approximate the pencil-and-paper approach. 

2.3 Analysis 
Visual Analog Scale (VAS) reports and scholastic performance were pre-processed and anonymized 
by Sean Chiba. VAS responses were coded by the modified ODK collect application in a 1-100 range, 
and missing responses were also recorded. 

2.3.1 Qualitative analysis 

Average timecourses of our measures were generated and discussed with collaborating “teacher-
researchers” informally. These participants communicated findings with the larger teacher population. 
Our final report below on “teacher impressions of student-reported affect” are not meant as rigorous 
claims, but rather as illustrative examples of how teachers might readily incorporate results of these 
methods into their teaching. 

2.3.2 Matching student scores 

The primary aim of the program is to keep students motivated during the summer break so that 
students are more prepared to get ready for entrance exams.  The exam consists of 5 subjects, 
though below we only consider aggregate scores. Scores are available from the 608 9th graders who 
attended the program, and 3724 9th grade SHO-zemi students who did not attend. Students attending 
the summer program exhibited higher mean test scores than the general population of students 
enrolled in SHO-zemi’s weekly tutoring programs, which poses a difficulty to testing whether the 
program indeed had a beneficial effect on mock exam scores. Thus, to estimate the effects of the 
summer program, we created a synthetic matched cohort from the population of non-attendees based 
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on test scores prior to attending the program (taken in July). For each July test score obtained by a 
program attendee, we collected all non-attendees with the same score (or when there were no such 
students, all students with a score one point higher and one point lower). Thus, the prior test score 
was identical between program attendees and the synthetic matched cohort. Mean test scores after 
the program (in September) for the control group were obtained by performing a mean over students 
with the same prior score. These synthetic matched students were entered into a two-tailed t-test 
versus students who attended the program, testing the null hypothesis that the summer program had 
no effect on test scores. 

2.3.3 Principal Component Analysis (PCA) 
Taken as individual data points, the responses from the VAS-GVA include 12 responses each for 8 
measures. Initial inspection revealed a strong emotional structure, both diurnal as well as in response 
to mock exams. Principal Component Analysis (PCA) [10] was used to distil student variation in the 
overall structure of the timecourse for each item. Note that PCA captures the axis of maximum 
variation between participants. In some cases – as with the first components of “happy” and “sad” – 
this structure is highly consistent with the average timecourse. In other cases – as with “motivated” – 
the structure differs markedly from the average timecourse (though note that the first component of 
motivated does retain an overall increase as time progresses). While there is no hard and fast rule, in 
all VAS-GVA measures, there was a large drop-off in terms of the variance explained by the first 
component and that explained by later components. Thus, for the sake of this report, we focus on the 
relationships between only the first components. 

2.3.4 Statistical tests 

Regression analyses were performed in R, using lm for PCA-based models and lmer from the lme4 
package to include a random effect of participant in fitting motivation over time. ANOVAs were derived 
from regression fits using the Anova function in the car package with default “type-II” effects 
(comparable to model comparison when removing a given predictor). All t-tests include a Welch 
correction for unequal variances (the R default). 

3 RESULTS 

3.1 Increases in motivation and exam scores 
While we will discuss motivation in greater depth below, a linear increase in motivation over time was 
observed (χ2(1) = 19.9, p < .001). This stands in stark contrast to the long-observed declines that 
usually occur over the course of an educational intervention, e.g., [4]. This trend is readily visible in 
Figure 2 below. Statistically, exam scores following the summer program (in September) were 
marginally better for program participants than for controls (t(1202.4) = 1.70; p = .09).  The full set of 
all non-participants received relatively lower scores than participants, averaging 252 (out of the 
maximum possible score of 500) in July (before the program) and 255 in September (after the 
program). High performers tended to do a bit worse on the September exam, with summer program 
students averaging 307 in July and 305 in September. However, summer program students still 
compare favorably to matched controls’ average of 301 for September.  

3.2 Reported student emotion 
Mean timecourses were used to get an intuitive sense of student’s emotional responses, and these 
were shared with teachers. An unexpected spike in negative affect also occurred following the mock 
exam on day 2, and to a lesser extent on following days (Figure 2). 
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Figure 2. Mean timecourses (thick lines) of students’ responses for six emotions (four of which will feature 

prominently below). Individual timecourses (thin lines) are also plotted to illustrate variation. 

3.3 Teacher impressions of student-reported affect 
A final straightforward but potentially highly impactful result was teacher response to box-and-whisker 
graphs of students’ reported “nervousness” (comparable to the “sad” panel in Figure 2 above). From 
the very first session on the train ride to the program, student nervousness already had a median 
rating of 30, ranging up to over 80. Students’ reports steadily rose until the assessment just prior to the 
final mock exam, at this point students reported a median nervousness of about 70. Teachers 
expected a much lower level of anxiety amongst students, and indeed reported their own efforts to 
increase student nervousness. On the basis of this one graph, some have suggested they would 
modify their teaching practices in the following year. 

3.4 PCA projection and predicting motivation 
The three largest principal components are shown in Figure 3. For “achieve,” “happy,” and “sad” 
responses, we see that the first principal component clearly reproduces the peaked structure of the 
mean timecourses in Figure 2. Similarly, the first component for “motivation” captures the mildly 
bumpy increase over time. Across all responses, there was a large drop-off from deviation captured by 
the first component compared to subsequent components (for example, the first “happy” component 
has an sd = 80.6, while the second has sd = 38.6). The essential structure of students’ emotional 
response appears to be well-represented by projections onto the first component. For example, raw 
scores for happy and sad are correlated with r = -0.45, whereas projections onto first components 
yields r = -0.63 (both correlations significant, p’s < .001). If we look closely at obvious features of the 
timecourses, this is not surprising as items are not simply co-varying or reciprocal of one another (the 
third peak occurs earlier for “happy” than for “sad” for example). Thus, for the purposes of this report 
we restrict our attention solely to these first components. 
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Figure 3. PCA components of responses of interest (as we will see later, these are the responses that 

obtain significant predictive relationships). 

3.4.1 Predicting motivation 
Being satisfied that the first component of “motivation” represents a reasonable target for the shape of 
improving student motivation, and generally seeking to avoid over-analysis, we predict projections 
onto that “motivation” component based on similar projections for all other collected emotions. A full 
model using all responses results in a significant effect of “achieve,” “happy” and “sad” (hence our 
focus on these measures in our figures; smallest significant F(1, 25) = 4.86, p < .04). Using step-wise 
regression to remove each least-significant predictor in turn resulted in a model with only these same 
three factors (see Table 3; no other factors rose to significance in this process). The full model is 
significantly better than a null model (F(10, 25) = 2.53, p = .03) but fit is superior with the simpler 
three-factor model (parameters given in Table 3; overall model F(3, 33) = 5.65, p = .003). 

Table 3.  Parameters for 3-factor model predicting “motivation.” 

Response β-weight standard error F(1, 33) p-value 

happy  -.648 .293 4.91 .034 * 

sad  -.876 .300 8.52 .006 ** 

achieve  -.481 .185 6.73 .014 * 

Note that β-weights must be interpreted with caution. As all components were expressed with positive 
peaks, the dominant pattern in “happy” and “achieve” was negative. Thus, a negative Beta-weight 
means the negative-going spike patterns in “achieve” and “happy” that we observe above tend to co-
occur with the pattern of improved motivation. If we look closely, these temporary “hits” to positive 
emotions are superimposed on an overall trend of increased positive emotion from the first to the last 
session. The negative weight for “sad,” on the other hand is indeed indicating a reduction in motivation 
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with larger spikes of sadness. We should be cautious in over-interpreting this result, however, as on 
it’s own “sad” is actually less strongly correlated with “motivated” than the other two measures. Note 
also that the trend of the “sad” pattern is towards an overall increase.  

4 CONCLUSIONS 
The implementation of this assessment was opportunistic and carried out with zero material cost – all 
software was either granted or open source, and tablets were already owned by the tutoring 
organization for another purpose. Even so, we were able to incorporate a broad range of cognitive and 
affective measures, some of which were immediately informative to educators. There is immense 
potential in the utilization of these inexpensive, easy-to-implement technologies in educational 
settings. In dramatic comparison to the high attrition rates inherent in MOOC-type data, real-world 
institutions can have a retention rate as high as 99% from month to month, affording incredible 
opportunity for longitudinal or other forms of research that would be highly challenging in a MOOC 
context. By identifying institutions with scale, we might implement a broad range of high-impact 
assessments and experiments across comparable classrooms with controlled variations. 

Our initial exploration with this data has focused on the predictors of improved emotion in an intensive 
summer program setting. As compared to typical educational settings, in which motivation tends to 
decrease [4], we observe a significant increase in motivation overall. Consistent with teacher intuition, 
motivation is significantly predicted by the interplay between happiness and sadness along with 
students’ belief in their ability to achieve. Specifically, “hits” to “happiness” and “achieve” seem to 
support improved motivation while “sad” seems to undermine it. Teachers in the program actively 
engage students emotionally through a variety of strategies. Thus, the obvious experimental 
continuation is for teachers to actively engage student’s emotions in a way that is “sobering” without 
entering the realm of strong negative emotion. Such a classroom would be expected to yield even 
more robust patterns of improved motivation over the course of the program. 

While we must be cautious interpreting data-driven results such as the above, it is reassuring that 
teacher intuition agreed with the critical emotions identified in our analysis. It should also be stressed 
that multivariate analyses may reflect complex inter-relationships between predictors, and the 
emotions at play are clearly closely linked. Given the continued availability of comparable educational 
contexts, however, we have a ready platform for continually checking our understanding against the 
reality of the classroom. 
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