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Understanding the impact of strategic team formation in early
programming education

Abstract

This evidence based research looks at the impactedm-based instruction on learning to
program in a first year engineering course desigmeter the Bauhaus studio model. Each team
is formulated with a “more knowledgeable other”,[d{ for this paper the “ringer” based on self-
reported prior learning. The ringer is intendedupport the team through early programming
challenges. In addition to the professor and tegcaissistants, having a peer mentor can yield
higher satisfaction and confidence in learners Riir analysis evaluates learning outcomes as
student progress through the term, comparing pedace based on the performance and prior
knowledge reported by the ringer. The major resequestions investigate the role of the ringer
in the success of the team, as well looking toifsesams that include a low performing student
have any common characteristics. Findings incllamta from 2013, 2014, and 2015 with trends
apparent in each of the years across major topics.

This study shows that the formulation of teams adoa carefully selected more knowledgeable
other can improve the learning of the entire tedmgeneral, ringer score correlates to an
increase in the rest of the team’s average. Tgeriscore only supports learning to a certain
degree where if the gap in score is too larger @eipto the rest of the team, lower performing
members can suffer. In general the formation af® using prior programming experience
seems to do no harm and even possibly improveilgaoutcomes, and the data may also
suggest additional improvements on the use of teams

Introduction

Students learning to program tend to persist amfbpn better when they are paired with
their peers to complete coursework. Studentsrfggfogramming classes at rates starting at 20%
[3], [4] up to 50% [5]. Pair Programming suggegtsuping a student with a peer, employing the
“two heads are better than one” philosophy showimfrove the output of projects [6] and
perhaps learning outcomes [2]. Students placéebims may also gain the benefits of peer
programming, while also providing more authentidustry working conditions and supporting
ABET student outcome (d), working in multidisci@ity teams [7]. This paper looks at how
using teams in the Bauhaus studio model impactiestwoutcomes within a programming-
centric Honor First Year Engineering (HFYE) couasea large Midwestern research University.
We will start by looking at how teams are formuthtsnd move into the general theoretical
frameworks behind peer learning. Based on thesedworks we propose two research
guestions on how well the teaming paradigm supbutdent learning.



Curricular and Team Construction

Engineers with programming skills can be radicatlyre productive than their
counterparts. The ability to automate mundaneutations and create simulations and models
can both open up the creative process as welladexating daily work [8], [9]. Most engineers
will not have the time to dedicate to fully leargito code, but basic concepts of Computational
Thinking (CT) [10] as well as Computer Science (C&) be taught to engineers alongside
Engineering Design, teamwork and problem solvingllenges. This is a core pedagogy driver
behind the HFYE course of the study. Studentsaarght programming and given course credit
in Computer Science while being introduced to Eegiing practices and processes taught in
many first year curricula.

The instructional design team structured the eiiiFYE course around the Bauhaus
Studio Model, creating a classroom that is actieam-driven and engaging. The Studio model
formulates learning through the use of team driwejects [11], [12]. Part of the original
Bauhaus concept was to bring together craftsmardasigners from multiple disciplines to
share ideas and to work collaboratively. The Bashaodel translates well into HFYE as
students are destined for all Engineering discgdjrbringing a wide variety of prior learning.
HFYE’s course objectives look beyond specific damaiowledge instead to fundamental
engineering skills such as teamwork, problem sghand communication. How the Bauhaus
model builds approaches coursework naturally tatéds these skills.

Students learn best in a team when the team eéfutigrconstructed. The best learning
teams can be formulated intentionally using emairitata collected from the students. Teams
should be balanced across a variety of factor agajender and diversity, but should also
include more strategic factors [13]. The teamdlie study were formulated using the CATME
tool used by Layton et al., using further customizateria. One of the factors Layton et al.
notes as important is student scheduling. Schaglisideemed to be less of an issue in HFYE
as, being members of the Honors College, studietally live and attend classes under the
same roof and generally have a common schedustedd, teams are formulated around prior
programming experience first and then balancedif@rsity and other demographic factors.

Teams matched around skill level are predictedbtb balance capabilities and improve
learning. The course is fundamentally an engimgecourse that solves problems using coding,
not a coding course. The first goal is to teadh arractice the engineering design process.
Projects are designed to stretch students, sodnyipy at least one team member who has
signified they have strong prior programming exgece the team should be more able to
successfully tackle complex problems. This chatadent, which we will call the “ringer”, is
the first placed on each team. The team as a whdbleth expected to contribute to the design or
projects and the coding, but the ringer may besids#tioned to implement the “tricky parts” the
most advanced code. This team formulation allowsenchallenging design projects in general
but, as we will discuss in the next section, shdosder greater learning across the entire team.



Team Learning Theoretical Frameworks

Peer learning is a widely used in general educdiid strongly advocated in several
programming pedagogies. We will touch on threehm@blogies including the Bauhaus Studio
Model, Pair Programming, Peer-led team learningl(ElL These three frameworks provide
insight how the HFYE pedagogy was designed, haarthelp students learn and potential
improvements for future consideration.

The Bauhaus philosophy is rooted in the experielgganing of John Dewey [14],
looking to challenge and motivate students throagfive learning. Not all engineering students
may consider programming to be an essential skitl, thus may not be intrinsically motivated to
dedicate time to such a finicky and abstract skhgineering and programming share common
design skills, so programming challenges can b@ped in engineering design problems
challenging students to learn both simultaneoukbarning to code, though perhaps distasteful
for some “lies in the direction of the agent's agvawth, and is, therefore, imperiously
demanded, if the agent is to be himself.” [15,3]. Dewey is making the point that some facts
are perhaps not attractive to learn on their ownjrthis case by framing the skill of coding
within the larger context of engineering designgdsints learmoth designand coding while
participating in an active learning team on a sa@liproject. The studio model provides a way
of engendering intrinsic motivation for programminghin the context of engineering work.

Beyond being motivated to learn coding, studen&sirsipport in learning a
programming language. An interesting problem dagsgguarantee a student fully engages in
coding when they hit the steep learning curve cowigsa programming language. Pair
Programming creates partners who work collectivelgvercome hurdles in coding. Industry
uses Pair Programming to improve code quality [Bilevin the classroom it is found to improve
satisfaction and motivation of students [2]. WitRHYFE, true Pair Programming activities are
used occasionally in the classroom and the modeitended to the team as a whole working
with 3-4 students. By seeding each team with gefinnovice programmers are not only
supported by the instructional team, but also biypare knowledgeable other” [1] inside each
team. According to Vygotsky's theory, individudsirn best within their Zone of Proximal
Development, so teammates are more likely to beesstul when their actual skill levels are
compatible [16], [17]. For this reason, teamsa@mestructed so the ringer’s prior experience
does not too far exceed those of their peers. Fragramming is being deployed in HFYE to
teams, using Vygotsky as a guide toward carefuhtdation of teams by their skill levels.

Peer-Led Team Learning provides students with @ t@arking environment in which
students work together under the guide of a fatdit The core of most PLTL experiences
includes 1.) small teams which meet regularlyti2-)ns to course materials 3.) a trained
facilitator for each team, 4.) appropriate and lemgjing problems and 5.) a proper space to
facilitate group discussion [18]. The facilitatemot required to be a subject matter expert
(some of the best facilitator are not!) and is gigen answers to any of the challenges, but is to
encourage the team and guide towards learning.tédmas act as a network of support in



collaborative learning. Students participatindilil L activities are shown to perform better
than their peers [19], [20]. PLTL was not use@dsundational framework for formulating
HFYE, but in includes a source for future enhanaas & be described later.

Research Questions

The theoretical frameworks for team learning hdemonstrated improved student
experience, but not always learning outcomes. & Islittle or no literature on how the Bauhaus
model impacts learning, and while pair programnaag be shown to improve retention and
performance on individual assignments, evidenc&shw impact on each individual’s long-
term learning [21], [22]. Retention of studentséstainly valuable, but HFYE is a blended
course without this core retention issue. Fott isimportant to understand how team formation
impacts learn CT and CS concepts as well as ovgnadles. To better understand the student
experiences and outcomes, we are looking to anghwedollowing questions:

1. How does the relative skill level of the “ringerfpact the team’s learning?
2. Are there any common characteristics of teams winiclude a lower performing
student?

Methods

We have conducted a retrospective corollary studgtodent outcomes based on the
grade received. The pedagogical design of the elas created using empirically researched
practices, as well as considerations facilitatidgaational research, but was not designed
specifically for this study. This section will dae the nature of the participants, the available
data, the general approach of our analysis, asasdiimitations of this methodology.

Research Participants

The participants in this study are from a Freshidanors First Year Engineering class at
a large Midwestern Research University between 2082015 (three terms total). The course
focuses on early concepts of engineering and dedige Honors sections grant Computer
Science credit, adding on extensive programmingites.

Students are assigned into teams of four and ampi-class homework and project
challenges with their team. Teams are assignedjassurvey (discussed later) in order to
balance out multiple individual characteristicstsas gender mix and self-reported efficacy and
prior learning. The exact ‘formula’ by which theaim assignments are made varies slightly in
year, but generally uses the same categories aflalatr discussed in Table 1. The methodology
for forming team attempts to pick a ‘ringer’ forobateam, based on self-reported self-efficacy in
programming. The ringer is chosen based on thertegh programming skills, but is balanced
across the demographic factors mentioned earliereisas ensuring a balance of experienced,
somewhat experienced and novice programmers. drhaufa for calculating the ringer was
generated by one of the instructional staff andaias the following:



Self-Efficacy = {General Programing Rating*}/ 2 +
2/7 x Average {(Sequencing**), (@iionals and loops**), (Complex problems**)}

*Ranked on a sale of 1-4, 1 low and 4 high ability
** Ranked on a scale of 1-7, 1 low and 7 high apili
Students rank themselves in their percei@etheral Programming Ratings well as specific
categories of programming including the abilityctmleSequenceLonditionals and Loopand
generallyComplex ProblemsThe final ranking is based on the formula abevch is
primarily used to choose the ringers.

Research Data

This study leverages two sources of data: a backgl survey given the first week of
class and the student’s grades (quizzes, homewatlexxams). The survey is a tool to assign
teams including information shown in Table 1. @dita is self-reported and thus perception-
based, with some students not completing the suw@yoviding a full response. In some cases
statistical analysis must excludes students/tehatgdb not have full survey data as it would be
impossible to categorize their prior knowledge.isTdrings variability to some team data as the
team may have been formulated with a student wkdlgh self-efficacy and prior learning, but
was not chosen as a ringer by the CATME tool. Waselto eliminate many teams from the
analysis that included members with incomplete tatnsure a clearer picture at the cost of a
lower team count.

Table 1 Background survey categories

Survey Category Description

Expected Outcomes Anticipated GPA, Grade in class

Workload Number of hours spent on this and othessds as well as paid
workload

Programming skills A self-ranking of general pragraing skills (the ability to program
sequences, decisions, loops, etc)

Specific Languages The number of courses anddk#irating in languages such as
Basic, C, Python, Java, Ruby, Swift, Matlab...)

Non-coding Learning Prior coursework and graddgath, Physics, Chemistry, as well as
specialized topics like Statistics, Drafting, Maacturing...

Team experiences Whether the student has been taskexlk in a team, of what size

and nature and how they perceive that experience.

Student outcomes include robust data set in the & exams, in-class assignments and
homework. This study is focusing on Computatioffahking aspects of this class, thus all
reported grades are filtered to assignments tiflecteCT and/or CS topics, unless otherwise
stated. An example of topics omitted include goestabout the general engineering design
process, aspects of teamwork, or work that is retrted to use or be a direct precursor to CT
concepts (e.qg. statistics). The pedagogical agpraaed a semi-flipped classroom wherein



students are expected to engage in the materidlsane to class prepared. The typical
sequence of assessment is shown in Figure 1 adiotiass.

Figure 1 Pedagogical overview of HFYE

Projects j==

ndividual-or<| | Individual
b [mmm] Work

1. Reading — The course is supported by an onlinddekt which includes programming
exercises. Problems are assigned from the text Wweekly.

2. Q&A — Each class starts with a question and ansession based on the readings to
focus the class session.

3. Readiness Assessment Test (RAT) - Students takénitial quiz to assess their self-
guided learning and set expectations for the dassion.

4. In-class Activities — The team is challenged to ptate in-class activities on
programming, engineering, technical, and profesdiskills.

5. Check for Understanding (CFU) —The last 20 minofiedass are used for students to
work individually on problem targeting the main itopf the day’s activities. This
performance task involves generating and submittidiyidualized code, but the grade
may sometimes be assessed as a team rather usiteguth high grade, low grade, or
average as well as individual scores.

6. Post Activities (PA) — Each individual is expecteccomplete their own program, but is
allowed to leverage their team or other resourcessist.

7. Projects — These are completed by the team andteaffect individual learning and
thus are not considered in this study.

8. Exams — The course consists of two midterm examdas final exam. The exam asks
questions on a variety of topics, but as stately, thiwse containing CT or CS concepts
are included here. The included questions inchath conceptual questions as well as
practical programming work.

The order presented here is typically the ordedtesits would experience the assessment. The
RAT provides a ‘pretest’ of learning, the CFU devierther understand using peer instruction,
which is practiced as part of the PAs. After saleycles of RAT/CFU/PA a test is given to
provide a summative assessment before transitidniagnew topic area. Since we have
multiple assessments around pedagogical interves)tie can see some impact of each of the
different approaches.



Data Analysis and Limitations

The course objectives are not limited to CT/CSd®so exclusions were taken from the
data. Exercises and exam question not relatedf6@& concepts are removed from analysis.
Thus when we talk about ‘failing’ or ‘low perfornmghstudents, this may not mean they failed
the class, but simply that they are falling behimeir peers on the CT/CS ideas being explored in
this paper. It is possible that a student in tife €ategory does well overall the class! Itis
improbable, but possible a student performing we€S/CT concepts failed the class. Our
objective here is conceptual understanding in CTd@8e, thus we are not tracking actual
grades or withdrawals. The count of students/taartifse data may be less than the full
registration, as we only included students wilukhéomparable data set in the analysis.

The research questions guided our initial loo#tedtd analysis, but we understood there
was an opportunity for data mining for additionaights so a software platform was built to
facilitate specific data mining efforts. Given thiae course varies in content and approach each
year, the software framework aids in normalizing dlata to a common model for data analysis.
This common model can then be explored using Spexifracts of data that can be exported or
reported upon directly. This technique allowsdarck access to structured data, enabling
analysis of emergent questions and insights. Vharmic nature of the data analysis can present
limitations. Specifically mining within a singleath set may lead to external validity issues if the
pattern only applies to a given cohort. We curthesirisk by limiting data mining activities to a
single cohort year (2015) and then analyzed otbarsyto see if the pattern is confirmable.

The nature of the students may have limitationghergeneralizability of our findings.
Being accepted to the Honors College, this colsoatready cultivated from general college
bound population. This study might be lookingthe‘best of the best’ or at least the “most
motivated” amongst college students. It is possibat the data set is already looking at such a
limited ban of student profiles, that the beneditdack thereof seen in the data would not appear,
or have a greater impact in a different populatiéis.an example, perhaps teamwork is more
effective here as most students in HFYE have peiaming experience (100% of students in
2015). Or perhaps the benefits of peer learnirdgtnepresented as all of our students have
shown academic success in Math (92% report a £2018). We will attempt to consider some
of these options as part of the discussion, thahglgeneralizability of the data may be limited
and require further studies to show greater ramgapact.

Results

Overall Data Context

The amount of data and resulting statistics is,\ssto aid in context we will start with
an overview of the students and teams. The datioss not contain specific demographics
(age, gender, race, etc.) so we cannot reporideastibing “general college students in HFYE”.
Table 2 shows descriptive statistics describingiidieire of the team and student performance.



The overall self-efficacy of each class (Row 3)iemyear-by-year hovering just above the
lowest level (1) of no professed skill. The ringeaverage self-efficacy (Row 4) is statistically
stable across years with the ringers on averagel@se to a 3 on the 4 point scale. The formula
for deriving teams seems to keep the ‘self-efficgay’ consistent across years (Row 5).

The team performance varies across the yearshisudoes not impact our analysis. For
instance, the teams in 2014 performed significaother than those in 2013 and 2015 (rows 6
and 7). The ringer’s scores also vary across yeaws 8 and 9) as does the gap between the
ringer’'s score and that of their teammates on @eeeow 10). We are not comparing years but
trends within a year to see if the trend is repatzoss years, so the variance of raw scores
across the years does not impact our analysisravee number of students receiving 55% or
less (which would be failing the course) in CT/GSessments is very low (row 11), and in line
with the fail rates for the course in general, loit aligning CT/CS failure to course failure.

Table 2 Descriptive statistics by year

2013 2014 2015 Cross-
Year
ANOVA
1 N (Teams/Students) 66/263 50/206 65 272 -
2 (\i\ﬁ/c;{r_ked )in Teams  97%(100%) 98% (98%)) 95% (97%) -
ingers
3 é\/Eta)rage Self-Efficacy 1.62 ©=0.26) 1.55¢=0.22) 1.69¢=0.23) p=0.011
4  SE Ringer 2.75 ©=0.68) 2.68 ¢=0.66) 2.86 ¢=0.56) p=0.34
5 Ringer SE Delta 1.54 ©6=0.65) 1.53¢=0.72) 1.6 6=0.62) p=0.81
6 Team Percentage* 76.7% 6=0.04) 66.5%¢=0.04) 74.1%¢=0.05) p=0.0
7  Team Score* 418.5 6=23.8) 381 ¢=18.6) 399.54=26.6) -
8 Ringer Percent* 78.1% 6=0.05) 68.7%¢=0.06) 78.9%¢=0.07) p=0.0
9 Ringer Score* 427.6 6=30.0) 395.9¢=34.5) 426.54=34.6) -
10 Ringer Score Delta 10.4 ©=30.75) 20.014=33.42) 37.14=42.6) p=0.0
11 Grade of D/F** 2.3% 3% 2.3% p=0.004

*Scores are for CT/CS topics only, not full cougsades
** D/F grade is in CT/CS scores only, not actual BW

Relationships between the ringer and the team

The first research question investigates theiogighip between the ringer and the
performance of their team. At the macro level¢hemo strong linear regression correlation
between the ringer’s self-efficacy as shown in €a&b(row 1). The belief in a ringer’s ability
does not seem to translate into improved perforeae two of the years, however, the ringer’s
average score shows a statistically significanitpesrelationship to the average score of the
rest of the team (row 2). When the ringer scoréteheso does the rest of the team. For instance
in 2013 for each 50 points the ringer score impdovke rest of the team averaged 15.6 points
better. Neither the ringer self-efficacy nor th&ore had any significant effect on the deviation
of the scores within the team. The ringer may tiedprest of the team’s average, but does not
seem to reduce the variation of scores within #s¢ of the team members (rows 3 and 4).



Table 3 Ringer relationship to the team’s performame

2013 2014 2015
Relationship R| p R p R p
1 | Ringer SE to Team Average Score* - 0.45 - 0/89 - 99D
2 | Ringer Score to Team Average Score* 0] 0.001| 0.13]|0.009 0.03| 0.14
3 | Ringer SE to Team Score Deviation* 0.76 - 0.8 - .880
4 | Ringer Score to Team Score Deviatign* - 0.47 - 0.64 - 0.69
5 | Ringer Score Gap to Team Average* 0{0.000| 0.08| 0.04 | 0.36 | 0.000

* Not including the Ringer’s score

Teams with low scoring members

The next research question seeks characteristiesofs which includes a member who
falls behind in CT/CS assessments (no team had thaneone such student in any year). For
this analysis the teams who included a low scomegnber were compared to the rest using
ANOVA to look for statistically significant differeces. Neither the ringer, nor the team’s
average self-efficacy show any variance (Tablewssrb and 2). The initial perception of
programming ability does not seem to indicate cansitnuggles. Teams containing a failing
member have a lower average than their counterframs4) and the deviation of scores within
the team (row 6) is larger. Yet having a failingmber does not seem to significantly hurt the
performance (row 5) or the deviation (row 7) of thenainder of the non-failing team members.

Table 4 Analysis of teams with D/F members

2013 2014 2015
Relationship f p f p f p
1 | Ringer SE by D/F occurrence . 0.16 - 0.62 - 0/95
2 | Team SE by D/F occurrence - 0.24 0.77 - 0.95
3 | Ringer Score by D/F occurrence - 0.v7 7, 0.01* | - 0.51
4 | Full Team Average by D/F occurrences 5[ 0.02 | 45.6| 0.000 | 22.5| 0.000
5 | Rest of Team Average by D/F occurrenge - 0}94 0.004*| - 0.42
6 | Full Team Deviation by D/F occurrence 390.000| 26.4| 0.000 | 54.8| 0.000
7 | Rest of Team Deviation by D/F occurrence- 0.93 - 0.62 - 0.41]
*One 2014 ringer was also D/F, likely skewing tsiatistic
Discussion

The theoretical basis of how teams are formulatddRYE seems supported by the
results of the analysis. The data cannot comgackest performance in team versus non-team
settings, but the dramatically low rates of fail(ifable 2 row 11) and the general improvement
of learning outcomes (Table 3 row 2) suggest thenteg does no harm yet puts student in more
authentic working environments which also suppAB&T student outcome (d). Teamwork is
typically already common for most students andoisanstatistical predictor of performance or
D/F rates. In fact, only one student who scorefd iD/all three years (n=741) also reported
having never worked on a team. Our analysis isaotparing the breadth or depth of learning,



but does seem to show that for the materials aptbaph chosen teaming does not show harm
and may show great benefit.

Research Question 1: Ringer Impact

The method by which ringers are selected and teaenformed seems to be beneficial.
The self-efficacy reported by the ringer is nothagrs the best indicator of actual team
performance (Table 3 row 1) but when the ringersduerform well in the class the team seems
to benefit as well (Table 3 row 2), if only at adtion of the gains of the ringer. We cannot
pinpoint the root cause of this improvement, boklog at Vygotsky’s theory of the “more
knowledgeable other” (MKO), it suggests the ringery be acting in this capacity. Learning to
program involves both general problem solving ab agevery specific understanding of syntax
and logic. The ringer may support the entire teanthey unpack the engineering based
problems of the course and then stages of the gmaging task. The data suggests the ringer
may be acting as a MKO to their peers, but noteutHimitations.

Neither the ringer’s self-efficacy nor their actsabre seems to impact the variation of
the team. One hope of using teams rather thas gdhat the ringer could stabilize the variation
of learning across three peers. It would be uncomfuar half of any students to possess
significant prior CT/CS experience, so using teaff®ur not only creates a natural team size,
but also requires half as many ringers. The skithe ringer does not show reduction in the
variability of the scores however (Table 3 rowsn8 d). This may be due to what Vygotsky
suggests is the “zone of proximal development” (XRidhin which a student is capable of
comprehending new material. For instance, a studay be struggling to comprehend loops,
where the ringer has long mastered that skill @ngdtten what it was like to struggle with
loops. If a student’s and the ringer's ZPD do avgrlap enough, then the student will be
missing out on the benefits of working with an Me®the ringer cannot relate. On the flip
side, if the team’s ZPDs overlap too much, theemgan only stretch the team so far. Vygotsky
might suggest that a team must be formed so teaZ®D of each member overlaps that of at
least some of the other members.

Using the ZPD model, teams must be carefully matech@rder to gain the maximum
success. We can see reflections of this in the lokatooking in more detail at the gap between
the ringer’'s score and the team average compargdsighe team’s score average not including
the ringer (Table 3 row 5). In all years thera significant negative correlation. Figure 2 shows
2013 data plotted where the x axis shows the gapd®n the ringer score and the team average
(for negative values, the ringer’'s score was lotlhian the team; the more positive the value the
greater the gap between the ringer and the teathihany axis shows the team’s average score
excluding the ringer’s score. The rest of the téasas 15 points for each 50 points the gap
grows, supporting the idea that gap in ZPD betwiheninger and the team. An overlapping in
ZPD (Shown as ZPD1 in Figure 2) means the ringerescthe same or lower as the rest of the
team. When the ZPD is moderate (ZPD 2 in Figuth@Yyinger does slightly better while still
supporting the team, but as the ZPD grows so duegdp (ZPD 3 in Figure 2) and the rest of



the team’s average drops. The team'’s score migit gith the ringer’s ability, as suggested in
Table 3 row 2, but that growth would likely tailfafs the gap between ZPDs grows too large.
This brings up interesting questions and suggesionered in the conclusion.

Figure 2 ZPD analysis for ringers
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Research Question 2: D/F Teams

The ringer does not seem to impact the studelntaf@. When a member of the team
falls behind, the average and deviation is notitee@bable 4 rows 4 and 6) but does not seem to
be impacting the rest of the team (Table 4 rowsd@. The rest of the team’s perceived or
actual skill does not seem to help or hurt studesdsiving D/F grades in CT. The exception in
the statistics is for 2014, which seems to be ahbgehe failure of a ringer, thus skewing the
significance. The very low fail rate (n=18 acr8sgears) may make it difficult to generalize if
the constitution of the team impacts the fail faden this study though.

Vygotsky's theory would imply that mismatch withime respective ZPDs could lead to
the ringer being an unsuccessful MKO for the DIFlents. If the ringer’s skill level is too low,
they may be too consumed with their own learninigijenf their skill is too high they may not
be able to ‘look back’ at the basic concepts ireotd help. We can look for a potential
gap/overlap by comparing the gap between the rimgeore and the D/F student against the
ringer’s score and the full team’s average as shoviaigure 3. The three bars on the left
represent the range of the gaps for each year batthe ringer and the rest of the team. Teams
which do not include a failing member are graphetth@ X value of 0. All other values show
the size of the gap between the ringer and thadgieam member.



Figure 3 Analysis of the ZPD between the ringer an®/F students
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The teams which contain a D/F student all congaimger which is more likely to be
higher in score than their team. Only one teamaiog a ringer who scored lower than the team
average, and the majority scored much better. Weusan reject the idea that any team
included a ringer unable to provide some levebgfegtise in CT/CS concepts. It would seem
nobody failed from the lack of an MKO on the tealhseems more possible that some of the
ringers were unable to ‘reach back’ to help the Silldlents due to an insufficient overlap of
ZPDs. The trend shows that the gap between therend the D/F student grows faster than the
gap between the ringer and the rest team as a who014 a ringer who scored 20 points
higher than the D/F team member would only haveest®6.6 points higher than the rest of the
team and in 2015 it would only be 9.4! This se¢onsonfirm the theory that when the ringer’s
ZPD does not overlap with one of the teammates déineyess able to help them.

Conclusion

Research Findings

The use of teams organized around prior experienpegramming seems to have a
positive impact on learning outcomes. We were &bleok back at three terms of student
survey and outcome data to test theoretical appesaand mine for data to support the research
questions. Ouir first research question looketi@irhpact of including a ringer on each team.
The inclusion of the ringer seems to have a milchtmlerately positive impact on the ability to
program, in that ringers with a higher score temtbad to teams that score higher as well.



The second research question looked for any trienigsmms including a member with
lower scores. One concern could be a ‘weakeretimgpuld harm a student with less prior
knowledge, but in fact we seem to show that stigdehio scored lower in CT/CS assessments
were among teams of better scoring ringers. dtgs important to note, that individuals are not
seemingly harmed when they are placed on teamsinditiduals who do not succeed. We
have no way of discerning the causes of low perémee, but also did not find any trends in
teams either causing lower score or impacting éseaf the team'’s scores.

Implications and Future Research

The Bauhaus studio model can be successfully degltyteach engineeriramnd
programming at the first year level. A ringer @t as a more knowledgeable other and we can
see benefits within learning outcomes that areaivahtys apparent in pair programming studies.
These finding must be taken with the caveat trengture of this classroom is unique, in that all
of the students are members of the Honors Colladdlaus likely already come in with better
prior success in school and potentially are morévated. That being said there are some
recommendations which could be used to enhancdedneing model even further.

The use of self-reported efficiency alone is netithost reliable measure. While
generally the ringers do perform well, there argesavhere their self-efficacy is overstated, or
they simply do not live up to the predicted scoltevould seem that a tradeoff must be made
between forming the teams quickly versus getting@urate assessment of who are the best
ringers. Perhaps the inclusion of a pre-test ditamh to or instead of a self-report survey could
better identify possible ringers. By either detmythe team formation, or getting proven
performance metrics for selecting ringers, teanmsbeabetter balanced and maximize the
diversity of skills.

One oversight may be a trust that the team memimetsrstand how to learn as a team.
At no time in HFYE are the ringers explicitly idéred as such, though the team is given
training on how to act as a team as part of theseocontent. Looking at the literature from the
Peer-led team learning methodology, the team cdarbeed with "a leader who serves as a
facilitator, but not as a content expert” [23, §4Q]. By training teams specifically in how to
work collaboratively and ensure all team membegedearning at the same pace, the facilitator
could be a team member at any level of prior legynand ringers are not expected to always be
the expert. This is not to say that the HFYE waandr exactly implement a PLTL
methodology, but certainly the principles of faeiled team problem solving could be presented
to form a community of learning where each membeaxpected to grow and participate in
collaborative work.

The findings in this study hint at possible futstadies. Within this HFYE curriculum
the instructional team can now track changes iragegy and approach against a baseline of
data to see how new interventions impact studemhieg. For instructors not using a studio
model of learning, they could baseline their stugemformance data and perhaps begin to



introduce elements of the studio model, Peer Progniag or even PLTL to see how it impacts
student perceptions and most important, learnirigoones. There is a wealth of literature to
show benefits to the retention and outlook of stisievho engage with their peers as part of Pair
Programming but less evidence of learning outconié® research on PLTL shows promising
data, but many of the studies are potentially Bohibecause they primarily engage self-selecting
students in extra-curricular study groups, and thag include be selecting motivated students
who rather than simply effects of PLTL. One of Huglitional hopes of this paper is to inspire
empirical research, perhaps even retrospectivesva@wourses such as this study, to further the
understanding of peer learning in the classroom.
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