[bookmark: _oo6zmy2howvh]Social Comparison in Learning Analytics Dashboard to support motivation and academic achievement
[bookmark: _i3k068obji5v]Supplemental material
[bookmark: _t3o7b2ahohkc]1 Dashboard
[bookmark: _jr4rlijhxd6j]1.1 Grade-prediction algorithm
The prediction is made with a Bayesian Ridge Regression with the implementation proposed in Tipping (2001), with hyperpa- rameter 𝛼1 = 𝛼2 = 𝜆1 = 𝜆2 = 10-6 (in particular, the BayesianRidge function in the Scikit-Learn package in Python was used; Pedregosa et al., 2011). The Bayesian regressions have the advantage that they provide information about the uncertainty of the prediction. Both predicted mean and uncertainty are used to draw the normal distribution. In addition, this method was chosen over an algorithm proposed by Meier and colleagues (Meier et al., 2016). Meier’s algorithm was designed to timely estimate a student’s final grade based on the grades of previous years’ students. It resembles a K-nearest neighbors algorithm and also provides uncertainty of the prediction. Although this algorithm was argued to be most appropriate for this type of data, the Bayesian regression resulted in lower root-mean-square error for timed predictions. Figure S1 shows the prediction error of the two algorithms trained on the previous year’s grades with final grades as target values and tested on the treatment group’s final grades, which validate the choice for the Bayesian regression. Note that the confidence threshold included in Meier’s algorithm was left out because the intervention design required that subjects be able to see their predicted final grade at all stages of the course.
Figure S1. Root-Mean-Square Error (RMSE) of the Bayesian regression algorithm used to predict final grades (in red) compared to an algorithm proposed by Meier et al. (2016; in blue). The algorithms were trained on previous year grades and tested on the average grades of the treatment group in experiment 1. In the beginning of the intervention the average grade consists only of one assessment. With time, more assessments are graded and their weighted averages form the average grade. The x-axis represents the number of assessments graded and can be viewed as a time axis. The algorithm of Meier and colleagues was set up with first radius r1 = 14, which was the value that gave the lowest RMSE. For the sake of interpretation on the side of the user, the data was not standardised. Using standardising data may have improved precision of the algorithm but would then not have returned a prediction in the form of a grade, which was the purpose of the dashboard.[image: ]
[bookmark: _u9p0q2p8vt5c]2 Experiment 1
[bookmark: _8c3k6ow75z9f]2.1 Analysis
To measure the effect of the intervention through time, we compared the standardised grades obtained on different instances of the same type of assessment. There were two homework assignments (formative assessments) and two midterm exams (summative assessments). We also evaluated the effect of the LAD on quiz and essay grades, two isolated assignments given at the beginning and the end of the course, respectively. The course included two additional assignments which generated updates in the LAD, but they were not included as outcome variables in the analysis because they were group assignments.
We used linear mixed-effect analysis to evaluate the effect of the LAD on homeworks and midterms, with ‘group’, ‘time’ and ‘group’ x ’time’ as fixed effects and subject number as random intercept. The effect on the quiz and essay was tested with linear regressions with ‘group’ as fixed effect (See Table S1 for the details of the results).
In Author (20xx), we reported a main effect of LAD exposure on overall homework grades (β = 0.60, S.E. = 0.28, t = 2.20, p = 0.03), indicating that treatment subjects performed on average 11% better than control subjects in homework assignments. The analysis was performed by testing the fixed effects separately. In the current study however, we tested the full model. By including the interaction effect, the main effect of ‘group’ on homework grades was not significant anymore. Our analysis in the current study indicates that the two groups performed similarly in both homework and midterm assignments (Table S1). In midterm assignments, they achieved higher grades in the second midterm than in the first. Figure S2 shows a trend suggesting that treatment subjects outperform control subjects with time, both in homework assignments (middle pane) and in the midterm exams (right pane). The trend was, however, not significant.

Table S1. Effect of the LAD in experiment 1 on different measures of achievement.
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Figure S2. Mean grade for all individual assignments in experiment 1, grouped by type of assignment. Standard error is represented by the bars. The y-axis represents the week in the course when the assignment was done. The x-axis represents the grade obtained (0-10). The horizontal dashed line shows the passing grade



Table S2. Results of experiment 1 for intrinsic and extrinsic motivation (MSLQ) and metacognitive knowledge and control (MAI)
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LAD usage
LAD usage in the treatment group varied greatly from student to student, ranging from 1 to 21 logins over the course of the experiment. On average, they consulted the LAD 9.26 times (sd = 5.86). LAD usage did not correlate with achievement or any self-reported measure.

[bookmark: _xy7sah8bkgl5]3 Experiment 2
[bookmark: _ycegot4oh6wk]3.1 Pre-registered analysis
The individual assignments were grouped in two types of assignments: quiz assignments and computer practicums. All assignments in one type were of the same format and are therefore comparable. To test the effect of the intervention on assignments we performed two linear mixed-effect models, with quiz grades and computer practicum grades, respectively, as outcome variables. In both models, ‘group’ (treatment vs. control), ‘time’ (in what week was the assignment done) and the interaction of ‘group’ and ‘time’ were used as fixed effects. Subject numbers were used as a random intercept. Quiz grades did not differ significantly between the two groups, but treatment subjects performed better overall than control subjects in computer practicums. Achievement did not tend to increase with time for either type of assignments (Figure S3; Table S3). The results self-reported measures including metacognitive knowledge and control (MAI), and intrinsic motivation and metacognitive self-regulation (MSLQ) can be found in Table S4


[image: ]Figure S3. Mean grades obtained for individual assignments during experiment 2 grouped by assignment type for both treatment (red, rounded dot) and control group (blue, triangle dot).

Table S3. Results of experiment 2 for different measures of achievement
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Table S4. Results of experiment 2 for different questionnaire scales
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LAD usage
As in experiment 1, LAD usage in the treatment group varied vastly from student to student, ranging from 1 to 51 logins over the course of the experiment. On average, they consulted the LAD 10.56 times (sd = 14.61). As in experiment 1, LAD usage did not correlate with achievement or any self-reported measure.
[bookmark: _b5sjbw7hgdlh]3.2 Exploratory analysis - ASRS
In addition to the pre-registered analysis we also performed exploratory analysis on the effect of the intervention on motivation as operationalised by the Academic Self-Regulation Survey (ASRS; Vansteenkiste et al., 2009, 2005) as alternative assessments of motivation. The ASRS is rooted in Self-Determination theory , proposing that motivation be placed on a spectrum from external (e.g., ‘I’m studying because I’m supposed to do so’), to introjected (e.g., ‘… because I want others to think I’m smart’), to identified (e.g., ‘… because this is personally important to me’), to intrinsic (e.g., ‘… because I enjoy doing it’).
We first ran linear mixed-models for each scale of the ASRS independently, with ‘time’ (measure at the beginning or end of the experiment), ‘type’ and the interaction of ‘time’ x ‘type as fixed effect. Subject numbers were used as random intercepts. We found that treatment subjects overall had higher introjected motivation. We did not find any significant interaction effect, indicating that there was no difference between the two groups in how motivation changed in the course.
We next investigated whether subjects shift their motivation from more extrinsic to more intrinsic, and vice-versa. To do so, we labeled each scale with a number from 1 to 4 (from more extrinsic to more intrinsic). For each subject and for both pre- and post-measures, we identified the scale that had the highest score and included the associated number in the ‘motivation shift’ variable. For example, a student scoring highest on introjected motivation at the beginning of the course and then highest on intrinsic motivation at the end would have ‘2’ and ‘4’ as values in ‘motivation shift’. We then ran another linear mixed-effect model with the same fixed and random effects as above and with ‘motivation shift’ as outcome variable. There was no main effect and significant interaction effect indicating that subjects did not shift to more or less intrinsic throughout the experiment (Table S5).


Table S5. Results of experiment 2 for different scales of the ASRS and on the shift from one scale to another.
[image: ]
[bookmark: _6yax4y665wrq]References
Meier, Y., Xu, J., Atan, O., Schaar, M. van der, 2016. Predicting Grades. IEEE Transactions on Signal Processing 64, 959–972. https://doi.org/10.1109/TSP.2015.2496278
Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., Prettenhofer, P., Weiss, R., Dubourg, V., 2011. Scikit-learn: Machine learning in Python. the Journal of machine Learning research 12, 2825–2830.
Tipping, M.E., 2001. Sparse Bayesian learning and the relevance vector machine. Journal of machine learning research 1, 211–244.
Vansteenkiste, M., Sierens, E., Soenens, B., Luyckx, K., Lens, W., 2009. Motivational profiles from a self-determination perspective: The quality of motivation matters. Journal of educational psychology 101, 671.
Vansteenkiste, M., Zhou, M., Lens, W., Soenens, B., 2005. Experiences of autonomy and control among Chinese learners: Vitalizing or immobilizing? Journal of educational psychology 97, 468.
image3.png
Grade

Quiz Homework Midterm Essay

A
[ Y L)
eo ® - L J * -
A r Y [ .
L
H via ’A oe A
g :
* N FYN
. ; } A Ii Group
p v -o— Treatment
ohib - " B —4- Control
A A
A
1 2 3 4 7 8

Week




image4.png
Dependent variable:

Intrinsic Extrinsic Metacognitive Metacognitive
motivation Motivation knowledge control
Type (treatment vs. 0339 0.400 1011 0473
control)
(0.387) (0412) (5.307) (4.381)
pre/post -0.650™** 0.209 -0.009 0.702
0.247) (0.261) (3.194) (3.085)
Type * pre/post 0.070 -1.069"* 6914 2241
(0.399) (0.421) (5.150) 4974)
Intercept 4641 3.895"** 55487 56.177""
(0.240) (0.255) (3.291) 2.717)
Observations 52 52 52 52
Log Likelihood -68.281 -71.115 -192.966 -186.085
Akaike Inf. Crit. 148.561 154231 397.932 384.170

Bayesian Inf. Crit. 160.269 165938 409.640 395.878
Note: *p<0.1; *p<0.05; ***p<0.01




image5.png
Grade

Quiz

Ry

Week

Computer Practicum

Group
-0~ Treatment
-4 Control




image6.png
Type (treatment vs control)

Time

Type * Time

Intercept

Observations
Log Likelihood
Akaike Inf. Crit.

Bayesian Inf. Crit.

Note:

Dependent variable:

Quiz
0.004
(-1.684,1.692)
0.165
(-0.264,0.593)

-0.115
(-0.648,0.419)

7.100*
(5.744, 8.456)

186
-347.075
706.151
725.505

Computer practicum

-0.854"
(-1.855,0.148)

0.125
(-0.205,0.456)

0.174
(-0.238,0.585)

8571
(7.766,9.375)

186
-318.990
649.979
669.334

*p<0.1; “p<0.05; " p<0.01




image7.png
Dependent variable:

Metacognitive Metacognitive Metacognitive self- Intrinsic motivation
knowledge (MAI) control (MAI) regulation (MSLQ) MSLQ)

pre/post -0.147 -0.193 0.033 -0.214

(0.153) (0.127) (0.150) (0.205)
Type (treatment vs. 0278 0.094 0.184 0414
control)

(0.195) (0.145) (0.210) (0.269)
pre/post * Type -0.025 0.199 -0.015 -0.016

(0.193) (0.160) (0.188) (0.259)
Intercept 3.338"" 3.380""" 4197 5107

(0.154) (0.115) (0.167) (0.213)
Observations 92 92 92 112
Log Likelihood -84.820 -61.697 -88.439 -148.044
Akaike Inf. Crit. 181.639 135.394 188.878 308.088
Bayesian Inf. Crit. 196.770 150.524 204.009 324.399

*3ksk

Note: *p<0.1 ; **p<0 05; " p<0.01




image8.png
Dependent variable:

Extrinsic Introjected Identified Intrinsic ~ Motivation shift
time 0.000 0.175 0.091 -0.034 0.058
(-0.306,0.306) (-0.146,0.496) (-0.179,0.361) (-0.283,0.215) (-0.266,0.382)
type (treatment vs. control) -0.367 0488 0.064 -0.104 -0.224
(-0.806,0.072) (-0.970, -0.005) (-0.245,0.373) (-0.479,0.272) (-0.516,0.069)
time*type 0.164 0.081 -0.055 0.098 0.072
(-0.226,0.555) (-0.329,0.491) (-0.400, 0.289) (-0.220,0.417) (-0.342,0.486)
intercept 2295 2.882" 4.000"** 3.818"™" 3249
(1.952,2.639) (2.503,3.260) (3.758,4.242) (3.524,4.112) (3.019,3.478)
Observations 114 114 114 114 456
Log Likelihood -128.806 -137.344 -98.406 -109.599 -692.951
Akaike Inf. Crit. 269.612 286.687 208.812 231.198 1,397.903

Bayesian Inf. Crit. 286.029 303.105 225.229 247615 1422638
p<0.01

kskok

Note: *p<0.1; **p<0.05;




image1.png
1.00

0.75

0.25

0.00

Algorithm
-o- Bayesiean regression
-#- Meier's

2 3

4 5
Assessments




image2.png
Dependent variable:

normal linear

normal

mixed-effects

quiz homework midterm essay

Type (treatment vs. control) -0.074  -0.141

Time

Type * Time

Intercept

Observations
Log Likelihood
Akaike Inf. Crit.

Bayesian Inf. Crit.

Note:

0.492) (1.024)
0.176

(0.284)

10.242

(0.390)
8.081""" 7.279"**
(0357)  (0.744)
72 144

-154.960 -259.970
313.921 531.940
549.759

*p<0.1; *

0472*" 0313
0212) (0.440)

0437
(0.062)

4.294"** 7221™*
(0.373) (0.320)

144 72
-231.514 -147.031
473.027 298.062
487.876

*p<0.05; “p<0.01




