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Abstract: Synchronous Interactions Systems Mediated by Individual Computers (SISMIC, aka 
Audience response systems) collect numerous textual responses in classes, making participation 
visible and perhaps also encouraging it. They promote formative evaluation by providing on-
the-fly analytics that are primarily teaching analytics rather than learning analytics. Teachers 
can use them for immediate remediation during and after the class to improve instructional 
design for subsequent cohorts. The collection of as many teaching analytics as possible is 
therefore very beneficial. Although empirical evidence is lacking, the literature asserts that 
anonymity is appreciated by students and encourages visible participation.  The aim of this 
paper is to study if students’ identification modalities impact visible participation. The analysis 
is based on a case study and the paper proposes to support a descriptive analysis with a quantile 
regression analysis. Participation is tested with three experimental units, each of which has been 
randomly assigned one of the following student identification methods: a patronymic identifier 
(control group), a uniform but individual identifier (student X), which is not traceable, and a 
unit with a self-determined identifier. 

 
1. Introduction 

 
Audience Response Systems are more frequently and more familiarly called clickers, including in the academic 

world. These are artifacts combining software that works with dedicated or Internet-connected terminals. They enable 
different types of simultaneous in-class interactions: recording of participants’ attendance, collection of 
posts/questions asked by the participants either on the fly or at discrete moments chosen by the teachers and, of course, 
questions asked by teachers which is the most common usage and is therefore used for Computer-Assisted Assessment  

These artifacts have a variety of names; we have identified 45 different denominations. Despite or because of 
this profusion, we propose an additional name: Synchronous Interactions System Mediated by Individual Computers 
(SISMIC). Metaphorically, the acronym suggests that one can indeed record the students’ vibrant voices (Hoekstra, 
2008), once they have been converted into silent textual answers. SISMICs make the inaudible visible.  

A SISMIC is an electronic version of the traditional slate that can instantly provide a tabular and/or graphical 
count of participation and its breakdown according to response items for multiple-choice questions. This synthetic and 
analytical information is intended to improve teaching in real time. Unlike the traditional slate, SISMICs enable 
massive participation with the option of traceability, if required. Conversely, they can make the responses of small 
classes untraceable. The Cambridge dictionary defines traceability as “the ability to find or follow something”. In the 
context studied, traceability means being able to identify the patronymic name of a respondent. 

In addition, the information can be made available to the students who co-produced this information, 
eliminating the information asymmetry between teachers and learners. In so doing, these teaching analytics also 
become learning analytics.  

The aim of this paper is to study whether students’ identification modalities impact visible participation that is 
measured by the percentage of answers collected by a SISMIC in a context of optional participation. The analysis is 
conducted through a case study based on 3 classes attending a Master program at ESCP Europe in three different 
Campuses: Paris, Berlin and London. Each class has been randomly assigned one of the following student 
identification methods: a patronymic identifier (control group), a uniform but individual identifier (student_X), which 
is not traceable, and a unit with a self-determined identifier.  A descriptive analysis is supported by a quantile 
regression analysis.  

The paper is structured as follows: Section 2 proposes a typology of educational analytics that are sometimes, 
in our opinion, abusively referred to under the single term of learning analytics. This typology is applied to SISMICs 
in order to show how the data collected or calculated can be used as teaching or learning analytics, because we are 
seeking to boost visible participation as this will increase the amount of valuable educational analytics. Section 3 
reviews the literature which states that anonymity encourages participation. The proposed methodology and a 
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description of the case study are provided in Section 4. Section 5 presents the results, followed by the discussion 
(Section 6) and further developments. 
 

2. Technology-Enhanced Formative Assessment: the rise of teaching analytics 
 
The SISMIC literature is abundant and emphasizes the formative nature of the assessments they make possible 

thanks to the data collected, to such an extent that Beatty et al. name them TEFA – Technology-Enhanced Formative 
Assessment (Beatty & Gerace, 2009). Formative assessment is defined as follows by Popham (2007, p. 274): “An 
assessment is formative to the extent that information from the assessment is used during the instructional segment in 
which the assessment occurred, to adjust the instruction with the intent of improving the learning of the students 
assessed.” 

Formative evaluation with SISMICs catalyze1 classes’ answers, rendering visible participation which would 
otherwise remain mostly invisible. They improve remediation during a course (agile teaching: Beatty et al., 2006, p. 
101; Bruff, 2009, p. 39-41). The data provided can also be used after a course to improve the instructional design for 
the benefit of subsequent cohorts. 

Few authors name the data collected by SISMICs. When they do (Chien, Lee, Li, & Chang, 2015, p. 1100; 9; 
Yu & Zhao, 2015, p. 91) they consider them to be learning analytics which are defined by Siemens (2013, p. 1382) as 
“the measurement, collection, analysis, and reporting of data about learners and their contexts, for the purposes of 
understanding and optimizing learning and the environments in which it occurs.”. 

However, it appears necessary to qualify more precisely the nature of the collected analytics as suggested by 
Kruse et al. when they write (2013, p. 1): "While conversation is coalescing around the phrase ‘learning analytics’, 
the ‘primacy of learning’ and student interest in the conversation is debatable, sometimes overwhelmed by the urgency 
of other institutional concerns such as retention.". For these authors, learning analytics should be “student-centric”, 
but in our view, the analytics provided by a SISMIC constitute teaching analytics. We propose a typology of 
educational analytics which distinguishes between the primary recipients of the collected data:  

 

Academic analytics 
Institutional analytics, also referred to as academic analytics (Campbell, DeBlois, & Oblinger, 2007, p. 41), are 
concerned with responding “to internal and external pressures for accountability in higher education, especially in the 
areas of improved learning outcomes and student success”. While these terms obviously refer to learning stakes, as 
Kruse et al. (Op. cit., p.1) point out above, "student retention" is the overriding aim. They state: “The scenarios 
generating the largest swath of enthusiasm generally involve putting analytics in the hands of administrators and, 
sometimes, faculty.”. SISMICs do not provide academic analytics but primarily dispense on-the-fly teaching analytics, 
and to a lesser extent learning analytics, for teachers and students. 

 

Teaching analytics 
Teaching analytics can be used during a course to inform teachers about the visible participation through 

answers to questions recorded by the artifact, the corresponding understanding at a given moment (Hedén & Ahlstrom, 
2016, p. 205 Palincsar, 1998, p. 369) and help them implement the most appropriate remediation based on this 
information. When the class converges towards a single answer, whether right or wrong, teachers should provide 
remediation because the class needs a quick (in)validation of the collective answers.  

They can also be used after the course to improve the instructional design by identifying which questions are 
too difficult or, on the contrary, too easy.  

Response time represents an unprecedented collected variable, which makes a SISMIC very different from a 
show of hands/flashcard activity. It creates asynchrony within a synchronous sequence of interrogations because 
students can answer whenever they want, during the allocated time. It changes the competitive time perspective of 
oral interrogation which is imposed on both the teacher and the class by the fastest and/or most vocal students: 
(Caldwell, 2007, p. 11; Fies & Marshall, 2006, p. 106). Response time can differentiate, in terms of time productivity 
(average response time per correct answers), between students who obtain a similar proportion of correct answers. 
Students who use an equivalent percentage of the allocated time to obtain a comparable percentage of correct answers 
can implement different learning strategies: some students may have answered a lot of questions very (or too?) quickly 
and have a low ratio of correctly answered questions (number of right answers / number of answers provided) while 
others take more time to answer fewer questions with a better conversion ratio. The latter’s motivation is sporadic or 
fluctuating, while the former have volitional difficulties. They all need better self-regulation but the motivational and 

                                                             
1 Roschelle et al. (2004, p.2) call them CAATALYST: Classroom Aggregation Technology for Activating1 and Assessing Learning 
and Your Students’ Thinking.  



volitional stakes differ (Cosnefroy, 2011, p. 18). Response time can help teachers to discover that even though a class, 
according to the Oxford dictionary, is “a set or category of things having some property or attribute in common”, it 
can be much more heterogeneous than what is reflected by the grades. These teaching analytics can help a teacher 
avoid what Aguilar (2018, p. 39) calls the “fallacy of average” when it comes to managing time. 

Nevertheless, a teacher can use response time to manage uniformly the time allocated to a sequence of 
questions. On the fly, a teacher can look at the number / percentage of collected answers and decide to stop the 
interrogation, even when the time allocated to the sequence, if any, has not elapsed, when the percentage of answers 
collected is deemed to be sufficient (K. Miller, Lasry, Lukoff, Schell, & Mazur, 2014, p. 020113-5). 

Using the previous observations, a teacher can allocate the following times to a sequence:  
- the average time required to collect X% of (correct) answers 
- the average response time used for that sequence by the previous cohorts 
- the time required to obtain the maximum number of (correct) answers per second, etc. 

SISMICs therefore enable the implementation of a pedagogy based on an objective and scientific mastery of time, a 
parameter that is always scarce and expensive, for institutions who pay teachers according to this metric but also for 
participants who, especially in a context of continuing education, incur opportunity costs during face-to-face sessions.  

 

Learning analytics 
In contrast to the very comprehensive definition of learning analytics proposed by Siemens, we adopt the more 

restrictive proposal of Kruse et al. (op. cit., p. 1) who advocate “a student-centric, inquiry-based model of analytics 
that puts the tools and premises of analytics into the hands of students, empowering them as metacognitive agents of 
their own learning”. These authors note that the analytics discussed in the literature are very rarely associated with 
learning and student empowerment objectives. On the contrary, the power that is attributed, possibly erroneously, to 
these data that are thought to be panoptic, whereas they record only what is visible in a given information system, 
generates a discourse of diagnosis, prevention and intrusive control of students who are "at risk”, a vision that is 
completely at odds with self-determination and self-regulation.  

Sharing information with participants when displaying summaries of tabular or graphical responses involves 
both ethics and democracy (Dewey, 1916) and consists in returning to the participants what they have coproduced. 

With a SISMIC, when students disagree, resulting in a socio-cognitive conflict (Mugny & Doise, 1978), the 
information collected may become a pedagogical resource they can use during peer discussions (Crouch & Mazur, 
2001). Response time can also be disclosed during the course or made available afterwards. The cognitive dimension 
of answers can in this way be supplemented by a metacognitive reflexivity (Metacognition and Cognitive Monitoring, 
Flavell, 1979),  allowing learners to compare not only the results but their use of the time resources allocated, which 
reveals different learning strategies.  

Our study focuses mostly on teaching analytics because we analyze visible in-class participation. The more the 
class participates, the more information the teachers obtain, the more relevant the feedback and remediation they can 
provide in class, and the better the instructional design they can develop after the course. 

Many factors influence participation: the difficulty and type of questions, the time allocated for answering, and 
whether the participation is certificative (process and/or outcome). The literature, which points to the anonymity of 
learners being an incentive to participation but does not support this assertion with empirical data. 

 
 

3. Literature Review 
 
Participation and its presumed relationship to anonymity are discussed in the literature. 
 

Participation measurement 
Surprisingly, participation measurement is almost absent from the literature, when it is tracked in all the 

SISMICs of which we are aware: Yet, many authors claim that such artifacts encourage participation, compared to 
conventional classrooms, but they do not define participation, and therefore do not measure it. In addition, it does not 
seem relevant to compare oral answers to oral questions in a conventional class, which is necessarily limited to a 
handful of students, with an artifact that can collect all of the students’ textual answers, even in large classes. 
Participation in conventional classes is mostly silent, inaudible and not measurable. This does not mean that students 
are passive as some authors state (Stuart et al., 2004, p. 99).  We believe that there is a theoretical distinction to be 
made between making an inaudible form of participation visible, revealing it and stating that a SISMIC increases 
participation. However, there is no way to identify these two potential sources of visible participation.  

 

Anonymity and participation 
The literature claims that anonymity enhances participation, but anonymity seems to be confused with non-

traceability, which is not a category of identification but an attribute of an identifier. According to the dictionary, 



anonymity means being deprived of a name, being nameless. Non-traceability can possibly be managed by the 
teacher/artifact preventing an answer provided by a respondent from being traced to her patronymic name. Another 
limitation of the literature comes from the fact that this claim about the causal relationship between anonymity and 
participation is never based on a comparison with an appropriate control group (Freeman, Blayney, & Ginns, 2006). 

We do not know from the literature which anonymity protocol is used. Do the authors consider that the artifact 
creates anonymity/non-traceability for the participants because it aggregates the answers to closed-questions in a 
synthetic table/chart, or have they experimented with a condition in which the participants can answer without being 
identified by the artifact? The first situation may provide a perception of anonymity when the second is true anonymity. 
When a synthesis table or chart of answers is displayed, respondents are merged and deindividualized even if they 
have an identifier.  Davis (2003, pp. 301-304) expresses this idea by qualifying the situation as follows: public 
anonymity versus private accountability.  
In spite of the limitations pointed above, the literature claims that students:  

1) appreciate anonymity (7 articles based on self-reports) 
2) prefer anonymity (23 articles based on self-reports) plus 7 articles representing the authors' opinion. One 
article however, using a self-report, states that 32% would have preferred an anonymous /untraceable 
identifier while 68% were indifferent (Faillet, Marquet, & Rinaudo, 2014, pp. 13‑14) 
3) participate more actively because of anonymity (44 articles which do not rely on empirical data). 

We do not want to study anonymity, firstly because our Promethean SISMIC does not allow it and secondly because 
depriving someone of any form of identifier can create deindividualization which is defined as the fact that 
"individuals within a group are no longer seen or considered (paid attention to) as individuals (Festinger et al., 1952, 
p. 382; cited by Christopherson, 2007, p. 3044).  Therefore, these researchers consider that the resulting state of 
disinhibition will lead to transgressive "new behaviors" emanating from individuals who are "submerged in the group" 
(Kiesler et al 1984, p. 1126). These possible harmful consequences are not mentioned in the SISMIC literature. 
 
 

 

4. Methodology: Quasi-Experimental Research  
The population that participated in this research by registering on the terminal system amounted to 116 students 

belonging to an ESCP Europe program called Master in European Business. The course topic was Management 
Accounting and was spread over 5 sessions of 3 hours. Students attended the course on three different Campuses 
(Paris, Berlin and London) and identified themselves on the system in different way on each Campus. Table 1 shows 
how they are distributed according to the identification (the abbreviations in brackets are the labels used in graphs and 
tables): 

 

Identification Campus Number of 
students % of students 

Enforced Pseudonyms (EPS) London 48 41.4% 
Enforced Patronyms (EPAT) Paris 33 28.4% 

Self-Determined Identifier (SDI) Berlin 35 30.2% 
  116 100% 

Table 1: Distribution of students for the three groups 
 

The three identification methods were randomly assigned to the three classes.  
1) An experimental unit used patronymic first and last names to register in the SISMIC. This first experimental unit 

was the control group as we can consider that patronymic identification represents a similar situation to the 
conventional identification of students whose first and last names can be known when they answer or fail to answer. 
This method was randomly assigned to the Paris class named EPAT (Enforced patronyms). 

2) An untraceable experimental unit using a randomly assigned incremented prefix: Student X rather than 
Participant_X because neither registering nor answering was mandatory. Chester & Gwynne (1998) call such an 
identification method “enforced pseudonymity”, with each participant nevertheless being individualized because 
of the increment. It enables non-traceability both for the peers and the teacher. This non-traceable identification 
method was randomly assigned to the London class that we named EPS (Enforced Pseudonyms). 

3) A self-identified unit in which the participants chose their autonym, which enables a continuum of identification 
between total traceability (patronymic first and last name) and non-traceability (undecipherable cryptonym). This 
third experimental unit implicitly allows us to verify whether students, when choosing a name, are trying to make 
it traceable or not. Unlike anonymity, this identification method enables participation in masquerade-type games 
in which participants can reveal, fake or hide their identity. Students were able to choose cryptonyms that could 



be traced, by means of connivance relationships, or remained non-traceable. Jaffee et al. (1995) refers to this as 
“managed ambiguity”. This self-determination identification method was randomly assigned to the Berlin class 
and named SDI (Self-Determined Identifier). 

Among the 34 students who chose their autonym, 31 chose an identifier which was relatively easy or for us to 
trace, as shown (Figure 1), 91% of the students chose an identifier (categories 1 to 7) that we thought we could trace. 
76 % (categories 1 to 5 in the table) could be traced without uncertainty.  

 

 

 

 

Figure 1: Student distribution according to the chosen identifier from fully traceable identifier (complete patronym 
to the non-traceable cryptonym) 

The data were collected using a software program called ActivInspire provided by the vendor Promethean. The 
experiment involved 12 sequences of questions proposed during the 5 face-to-face sessions each of which lasted 3 
hours. The largest sequence included 9 questions with 31 questions in total. These questions were heterogeneous: by 
nature (numerical, conceptual multiple choice) and difficulty. They required no memorization.  

In total, the experiment enabled us to collect more than 2,000 answers, representing more than 60 hours of 
response time. Registering on the system and answering were both optional. The assessment was summative because 
the number of right (wrong) answers per student could be counted but it was not certificative (Ketele, 2010) as those 
elements were not for grading. 

 
 

5. Results 
 

The students came from more than twenty countries. The mean and median age were quite similar in the three 
groups while the age of students in London had a higher variability. Considering the entire group of questions, the 
participation rate was quite heterogeneous, ranging from a minimum of 6.4% to a maximum of 100%, with an average 
of 52.4% and a median of 51.6%. 

Figure 2 shows that SISMICs made it possible to render visible participation that was invisible and inaudible 
when using oral interrogation. Nevertheless, this participation differs from Martyn’s findings (2007, p. 72): “The 
anonymity of responding with a clicker guarantees near or total participation.”.  

 
Figure 2: Distribution of visible participation (vertical dashed lines represent quartiles) 

The maximum visible participation observed by the artifact is 100% for the EPAT and EPS groups of students 
while students in the SD group are below 90%. The EPAT group is strongly unimodal, with a high percentage of 
students centered around the mean; the EPS group seems to be bi-modal and therefore more heterogeneous (higher 
variability), while the asymmetry on the right tail characterises the SDI group (see Figure 3). In the latter group, 
moving from low to a high participation, the number of students increases. The main univariate statistics (Table 2) 

Chosen identifier Students % 
1. complete patronym 3 9% 
2. initials + last name 1 3% 
3. first name + initials 2 6% 
4. initials 5 15% 
5. first name 15 44% 
6. hypocorism (diminutive) 3 9% 
7. tracable cryptonym 2 6% 
8. non-traceable cryptonym for us 3 9% 
Total 34 100% 
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complement the histogram showing that, on average but also considering the median, the SDI group register higher 
rates of participation. Moreover, it seems that the EPAT and SDI groups have quite similar distributions with respect 
to the 25% of students with a lower participation.  

 
Figure 3: Percentage of answers collected for the 3 groups 

 Min Max Standard 
deviation Asymmetry Mean First 

Quartile Median Third 
Quartile 

EPAT 9.7% 100% 22.1% 0.04 50.2% 38.7% 45.2% 58.1% 
EPS 9.7% 100% 25.7% 0.07 50.7% 28.2% 53.2% 71.7% 
SDI 6.4% 90% 23.8% -0.37 56.7% 38.7% 61.3% 77.4% 
Total 6.4% 100% 24.1% 0.56 52.4% 35.5% 51.6% 70.9% 

Table 2: Visible participation for the 3 experimental units 

Of much greater interest is the information related to the 50% of “central students”, namely those whose 
participation is between the first and the third quartile (height of the box in Figure 4). Such students show quite 
homogeneous participation in case of EPAT identification. Most of the students have a moderate level of visible 
participation. The interquartile range is small as 50% of the students have answered between 38,7% and 58,1%. We 
see 2 heavy tails in the distribution, contrasting between students with a high level of visible participation and those 
who did not enter many answers in the system. 
The enforced pseudonyms group (EPS) shows a very heterogeneous participation with 25 % of students very involved 
and 50% of the students scattered in a very large interquartile range (43% = 71,7% - 28,2%).  
The third group SDI has an asymmetrical distribution showing that 75% of the students have answered more than 
38,7% of the questions, with a very scattered distribution of the low participating students (first quartile). 

 
Figure 4: Distribution of visible participation for the 3 conditions 

The average participation in the three groups is quite similar to the global average. Moreover, these averages do not 
differ significantly from one group to another, as suggested by the p-values2 in the following table: 
                                                             
2 P-values were obtained using the unpaired two-sample Wilcoxon test (also known as Wilcoxon rank sum test or Mann-Whitney 
test), a non-parametric test that is useful when data are not normally distributed. The three histograms and a Shapiro-Wilk’s test 
method had confirmed that the data are not normally distributed. 
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 EPAT EPS SDI 
EPAT  0.95 0.23 
EPS   0.26 
SDI    

Table 3: p values comparing the participation averages for the 3 groups 

While the three groups seem to show few and not significant differences on average, a different behaviour 
appears in other parts of the participation distribution. This paper proposes the use of Quantile Regression (QR) to 
compare the different quantiles among the different groups. Quantile regression, as introduced by Koenker and Basset 
(1978) is based on the estimation of a set of conditional quantiles of a response variable as a function of a set of 
regressors (Davino et al., 2013). It is widely known that to deal with categorical regressors in a regression model, they 
must be transformed into 0/1 variables, also called dummy variables (the number of such dummy variables is equal to 
the number of categories minus 1) (Scott Long 1997). As the present study aims to evaluate whether and to what 
extent the three categories of identification impact the participation, the reference model will be: 
           SDIIEPSIP  210

ˆˆˆˆ   
where P is the participation variable, I() is the indicator function returning 1 if the particular student belongs to the 
group in parentheses and 0 otherwise. In addition, the EPAT group becomes the so-called reference level and is 
associated with the model intercept. The previous equation provides an estimation of the conditional θ quantile of the 
participation according to the different groups. 
For example, for the EPAT group associated with the intercept, the model is reduced to: 
          0210

ˆ0ˆ0ˆˆˆ P  
while for the EPS it is: 
            10210

ˆˆ0ˆ1ˆˆˆ P  
It follows that each slope can be interpreted as the participation increase (or decrease) caused by a given group with 
respect to the reference group. For a given quantile θ, the combination of the intercept with the different slopes allows 
us to estimate the conditional quantile of the participation shown in Table 2. 

In this framework, the use of QR is interesting because it is possible to exploit the classical inferential tools 
available in the QR (Koenker and Basset, 1978) to test, for each regressor, whether the differences among the 
coefficients are significant. All the possible pairwise comparisons between the groups must be considered and it is 
also possible to use the so-called Joint Test of Equality of Slopes which is a joint test on all slope parameters. In each 
test the null is the hypothesis of equal slopes associated with the different groups.  
Table 4 shows the p–values derived from testing the differences on the whole model (first column) and for each slope 
coefficient (from second to last column). Each row of the table compares coefficients related to two models. For 
example, the first row refers to the following models: 
           SDIIEPSIP 25.0ˆ25.0ˆ25.0ˆ25.0ˆ

210  

           SDIIEPSIP 50.0ˆ50.0ˆ50.0ˆ50.0ˆ
210    

The p-value of 0.02 (Joint column) means that the hypothesis of equal coefficients of the two models can be rejected. 
The other two p-values are obtained by respectively comparing  with  and  with  
The results show that the three groups mainly differ in the lowest part of the participation distribution as differences 
between the 0.25 and 0.50 quantiles are significant (and also between 0.25 and 0.75), while in the highest part of the 
distribution such differences become insignificant. The identification modalities seem to impact more the students 
who can’t or don’t want to visibly participate by answering through the SISMIC. 

 Joint EPS SDI 
Quantile 0.25 vs Quantile 0.50 0.02 0.01 0.03 
Quantile 0.25 vs Quantile 0.75 0.07 0.02 0.05 
Quantile 0.50 vs Quantile 0.75 0.79 0.53 0.51 
Quantile 0.25 vs Quantile 0.50 vs Quantile 0.75 0.05 0.02 0.06 

Table 4: p–values derived from testing differences on combination of slopes 
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6. Discussion 
 

The results seem to invalidate the literature when it states that anonymity stimulates participation and is 
appreciated by students. As mentioned before, we did not test anonymity or the absence of a name, which in practice 
aggregates all individuals into a deindividualized, crowd-like “magma”. We tested the non-traceability of students by 
randomly assigning a uniform but individualized identifier (student_1, student_2, etc.) to each participant 
The non-traceable group (EPS, Enforced Pseudonyms, London) is the only group in which there are students who did 
not register in the system (17%). It is also the group for which the first quartile students answered less than the other 
groups. Students who could choose their identifier (SDI, Self-Determined Identifier, Berlin) made little effort to 
conceal their identity since 76% chose a quasi-patronymic identifier (Figure 1). This represents the minimum 
traceability percentage. This group with a self-determined identifier is the one which, on average, more frequently 
answered the 31 questions asked, since the response rate is 56.7%, which is nevertheless very far from being an 
exhaustive visible participation. The upper part of the distribution, above the median, is much more homogeneous 
than the lower part which shows that some students had a very low visible participation rate, which negatively impacts 
the average value that is below the median. The group of non-traceable students (EPS, London) responded on average 
like the group identified by their full name (EPAT, Enforced Patronyms, Paris) 50.2% and 50.7%. The distribution of 
the EPAT group is more scattered with simultaneously very low and high participation rates.  

It is interesting to note that the two experimental units – EPAT (patronymic identification) and EPS (Enforced 
Pseudonyms, non-traceable identification) – present quite comparable average results whereas conventionally, they 
would be placed at the ends of a continuum of identification/traceability. This observation leads us to wonder whether 
instead of relying on traceable/non-traceable polarity, the continuum of identification could work on the basis of an 
opposition between imposed identification and self-determined identification. We required the EPS experimental unit 
to use an untraceable identifier, but we also required the EPAT experimental unit to use patronymic identification. 
Although patronymic identification is conventional in many everyday situations, patronymic names are imposed on 
individuals by their lineage parents, culture, religion or the State.  
Deci and Ryan's theory of self-determination (1996) postulates that individuals are more likely to develop an intrinsic 
motivation when the three following innate needs are met: need for autonomy, competence and relatedness. The need 
for autonomy in relation to the choice of identifier is obviously better satisfied for the group that has chosen its 
identifier than for those who have been forced to use their surname or an enforced pseudonym. The patronymic 
identifier does not protect the self-image in case of error and according to the literature, it is the fear of humiliation 
(Heaslip, Donovan, & Cullen, 2014, p. 19) and ridicule (need for competence) that could prevent the students from 
answering. This is why many authors in the SISMIC literature advise the use of what they call anonymity. Indeed, 
some students identified by their patronym were unable to protect their self-image. Conversely, it should be noted that 
there are students who would like to be recognized for their competence and that a lack of traceability of their response 
can be a source of frustration for them. Therefore, the need for competence as stressed by Deci and Ryan, which can 
combine with the social comparison need identified by Festinger (1954), is not satisfied for such students in the EPS 
group. Only the experimental unit that enables students to choose their identifier allows students to decide whether or 
not they want to hide behind a cryptonym, protecting their self-image or highlighting their competence. The ability to 
satisfy opposite needs may explain the higher participation observed. 
 

The population used in this experiment is relatively small but the main limitation stems from the impossibility 
to randomize totally the three experimental units. The three groups belong to the same program but each group’s 
choice of campus was based on a multitude of criteria which may create heterogeneity among the groups. These 
criteria could include their linguistic skills, the appeal of the native culture, of the Campus, of the city of location,  the 
costs involved, the reputation of campuses in terms of academic requirements, extra-curricular associative activities, 
etc. We met the 3 groups at different moments. Two groups (Berlin and London) were met at the beginning of the 
second semester when they they had spent a first semester on another campus in a different class. The course with the 
Paris group took place at the end of the second semester when students knew each other better. These factors of 
heterogeneity were not neutralized and they may contribute to the differences and similarities we observe. 
 
 
 
Conclusion 

 
We have shown that it would be wrong to assume that SISMIC, aka clickers, generate total participation in a 

context where it is optional. The overall participation is less than 60% for all three experimental units. Strangely 



enough, this information does not appear in most of the feedback reported in the literature, which by omission and 
sometimes proselytism suggests that these artifacts lead to total participation. 

We show that the experimental unit on which we had imposed a uniform but individual and non-traceable 
identifier participated less than the other two experimental units since it was the only group in which some of the 
students did not register (17%). Moreover, the average participation rate of registered students is exactly comparable 
to that of the fully traceable experimental unit identified by its complete patronym. The highest participation rate was 
observed in the experimental unit that was able to choose its identifier when the two other conditions had imposed 
identifiers. In addition, more than 75% of the students in this group chose an autonym that could be easily traced 
because it was almost patronymic.  

The paper proposes a quantile analysis to deepen the analysis of differences among the groups. It is a matter of 
fact that averages flatten differences while exploring the whole distribution of a variable can reveal unexpected 
behaviors. In this study, both a descriptive and an inferential comparison of the quantiles shows that participation is 
differently affected by the identification modalities according to the different part of the participation distribution. As 
the study is limited by the size of the groups, further developments will start from a higher population and a random 
selection of the samples. 

So far, we have used only part of the first variable collected by our artifact: the number of responses. The 
Promethean system also collects a second variable: response times. In this way, it is possible to produce a large number 
of variables calculated from these first two variables by distinguishing between responses and times and correct and 
false responses. This will allow for further studies by means of bivariate and multivariate analyses, with the latter 
aiming to identify student profiles.  

Finally, we also have variables that are external to the SISMIC such as age, gender, nationality, previous studies 
and the score obtained in an examination, a multiple-choice exam proposing similar questions to those asked in the 
SISMIC. We therefore hope to use this wealth of information to produce analytics and synthetics that will enable us 
to improve our teaching during the courses themselves by exploiting certain information on the fly. Further analysis 
after the course should improve the instructional design for subsequent cohorts. Some of these analytics designed to 
improve teaching can be shared with students and used as learning analytics. This applies to statistics showing the 
correct response rate for a question, for example. This information enables students to identify the questions difficulty 
and to benchmark themselves. Such reflexive statistics can indeed be considered learning analytics. 
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