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Themakermovement has led to an increase in universitymakerspaces, where a low barrier-to-entry enables students of all

experience levels to engage with technology such as additive manufacturing (AM). However, the range of student skills

can result in frequent build failures, which in turn contribute to increased maintenance or student frustration. To identify

key causes behind failedAMbuilds in a student-focusedmakerspace, this paper outlines how a crowdsourcing-based data

collection tool was formulated that automatically extracts design and print information through printer files and

correlates this information with student evaluations of their part’s build quality, thus allowing for common sources of

failure within the space to be readily identified. 77 unique makerspace builds, made up of 228 individual parts, were

collected and analyzed for relationships between build quality and parameters selected in the slicing process. Through this

approach, student-focused makerspaces may be able to leverage the significant amount of design and manufacturing

information being processed through the space to better support student efforts, thus reducing the potential for frustration

and improve learning outcomes.
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1. Introduction

The rise of the maker movement, a recent culture

inviting many to use a wide range of equipment to

suit their creative wants, has led to the increased
availability of open-access makerspaces. Maker-

spaces offer a location where communities of prac-

tice can come together to work with various pieces

of potentially costly equipment at a low barrier to

entry. Areas commonly found in makerspaces

include woodshops, metal shops, textile labs, and

additive manufacturing (AM) labs, enabling stu-

dents to take part in creating any number of
projects. AM, the process of creating a desired

object or assembly by layering material together

in a constructed pattern aided by a 3D model, is

especially common in makerspaces due to its low

machine and material costs. AM machines can

reduce material waste compared with traditional

manufacturing processes and offer many benefits

such as enabling geometries that are difficult or
impossible to machine while being safe for general

use in an open access space [1].

The inclusive nature of a makerspace is evident

by the philosophy of welcoming individuals regard-

less of their past experience and helping them to

create [2, 3]. After an initial training, it is common

practice for newcomers to advance their under-

standing of the different technologies, such as

AM, simply through trial and error [4, 5]. As an

example, students with minimal AM experience

may download a 3D model from the internet,

prepare the files in slicing software and immediately
try to produce the part. However, if improper

settings are selected, the fabrication may fail,

requiring novice students to return to the settings

to begin learning the necessary metrics involved

with a successful AM tray [6]. When the machine

is calibrated correctly and the student is knowledge-

able in AM, the manufacturing process can become

more successful; however, novice makerspace stu-
dents will likely see many failures when first using

AM technology. Material Extrusion (MEX)

machines [7] are the most common type of AM

technology found in makerspaces, due to their low

cost, risk, and time to generate the desired object

[8, 9]; however, by being available to novices, there

is the potential for a more frequent maintenance

schedule. While MEX machines can malfunction
through regular use, they can also break as a result

of a failure during the printing process. For exam-

ple, a poorly prepared tray can cause material to

flood the extruder which can lead to a clogged

nozzle and encourage future builds to fail.

In an open-access makerspace where students are

novices to AM, frequent failures and increased

machine maintenance are likely. As such, maker-
spaces would benefit from a validated resource to
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support student users that helps to predict whether

a prepared MEX tray has a high probability of

failure. An opportunity exists to crowdsource vast

amounts of AM data to determine which aspects of

the printing process largely affect the success of a

novice tray within a given makerspace. This paper
introduces and details the deployment of a crowd-

sourcing-based survey tool that has a makerspace’s

students upload their sliced data alongside their

evaluation of final build quality. Through this

approach, data was collected within a makerspace

and used to correlate chosen novice MEX para-

meters with the possibility of build failure, which

can then be used to offer preventative measures and
support for future students in the space. This, in

turn, offers the possibility of better supporting

student efforts, reducing the potential for frustra-

tion, and ultimately improving learning outcomes.

2. Literature Review

To contextualize the proposed framework and

educational tool in this paper, it is necessary to

explore both the roles of makerspaces and MEX in

AM education, as well as the potential to use

crowdsourcing as a path for AM support.

2.1 The Role of Makerspaces in Engineering

Education

Makerspaces are an essential part to the Maker

Movement, a growing phenomenon that incorpo-

rates hands-on experience into learning regardless

of the skill level of its patrons, allowing for partici-

pants of all ages to make, learn, and grow. A study

at the University of San Diego found that formal

learning spaces such as classroom-based machine
shops can be daunting and unengaging to students,

especially novices [10]. By contrast, makerspaces

that act as informal learning spaces, unrestrained

and open-minded, contribute to a more welcoming

and creative environment [11]. A core value of

makerspaces is their inclusive nature, a goal that

many spaces strive to maintain and thus employ

welcoming philosophies as to attract and retain
their student body [2, 12]. Dedicated programs,

trainings and staffwithin amakerspace are typically

present to provide assistance to those who request

it; however, it has been found that self-guided

learning and the personal experience of exploring

how to make within a makerspace have a positive

effect on a student’s confidence in design and

engineering [13, 14].
Beyond this, research consistently demonstrates

that makerspaces in engineering education yield

quantifiable improvements in students’ design and

manufacturing capabilities. As an example, stu-

dents who engage with makerspaces have self-

reported improvements in their creativity, whereby

they can apply engineering concepts to tangible

products [15]. Faculty echo this sentiment, noting

that the rapid iteration enabled bymakerspaces can

foster not only students’ creativity, but also their

critical thinking [16]. This is bolstered by the notion
that makerspaces are able to provide students with

an authentic design context in which to develop

their skills [17]. Studies have also shown that

students who engage early and frequently in maker-

spaces exhibit greater engineering design self-effi-

cacy, which may result in greater proficiency in

translating design concepts into functional proto-

types and manufacturable designs [18, 19]. Addi-
tional evidence suggests that the hands-on

experience with digital fabrication technology in a

makerspace can effectively support a deeper under-

standing of manufacturing process types and the

range of crucial constraints that go along with them

[20, 21]. Ultimately, this evidence supports the

crucial role that makerspaces play in modern engi-

neering education as a conduit for hands-on, self-
guided learning.

2.2 MEX as a Central Piece of Makerspaces and

AM Education

The philosophy of self-guided learning in a maker-

space holds true for each piece of equipment that
the student works with, including MEX machines.

AMmachines, especially machines thatmake use of

MEX, continue to be one of the most common

technologies associated with makerspaces [8, 9, 22].

Makerspaces can provide a more profound and

foundational MEX learning experience for novices

than they might find in traditional classroom lec-

tures, due to the makerspace’s dependency of
hands-on experience as the primary function of

teaching. Because of the rise of AM and MEX in

many industries in recent years, universities and

even K-12 schools offer lectures and entire courses

focused on AM, providing knowledge of the tech-

nology [23, 24]. These courses focus largely on the

theoretical and advanced side of AM, but not

necessarily hands-on learning where the student
can apply the taught knowledge, as opposed to a

makerspace where the student would regularly

interact with the machine and employ self-directed

learning [23, 25]. An observational study in a

makerspace with casual learners, those without

proper training or experience, showed that inex-

perience with AM related processes, tools, and

software can lead to print failures becoming a
regular part of the experience, where the student

would have to learn what they did wrong [6].

Learning in community-focused makerspaces is a

hands-on process of experimentation where the
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student will encounter failure and be prepared to

learn from their mistakes and try again [26, 27].

Previous research has shown that, even when

presented with formal design for AM educational

content, novices may still often rely on trial and

error, resulting in a range of potential part defects
[28]. Though trial and error is a recognized path for

novices to learnMEX, failures can be a problematic

part of the experience and should be minimized in

their severity to lessen the student’s frustration with

AM and reduce the frequency of machine main-

tenance. A failed MEX tray can serve as an oppor-

tunity for learning more about the printing process;

however, an unsuccessful part can be a hindrance to
the student’s timeline, budget, and disposition,

while also causing the makerspace increased fila-

ment waste, staff time, and maintenance. The pre-

viously mentioned observational study with casual

learners shows that instances where AM novices

encounter tray failures can cause the student to

become upset and on occasion, significantly

decrease their interest in AM; this is not unique to
novices but can apply to all students of AM [6]. It

would be beneficial to develop a tool that could

discover where makerspace novices regularly

encounter failure so counter measures can be

applied to improve their learning without hindering

the makerspace, its staff and other students.

2.3 Current Practice of Crowdsourcing AM

Information and Collection of Failed Trays

With the large number of novices routinely entering

university makerspaces, crowdsourcing offers a

unique opportunity to collect massive amounts of

information regarding MEX tray successes and

failures. Crowdsourcing is a way of finding a

solution to a significant problem through the
means of outsourcing the task to a specific crowd

and collecting vast amounts of data in return for

some reward [29, 30]. This reward may be intrinsic,

where the crowd participates knowing that the data

will be collected and utilized for a good reason, or

extrinsic, where the crowd participates because

there is some monetary prize or acknowledgement

[29, 31]. The key benefit of using crowdsourcing
here is that the data provided will give a better

understanding of the common failures occurring

within a specific makerspace with their target con-

sumer group: novices [32]. There have been crowd-

sourcing studies performed that collect design

information from novices and compare results to

expert opinions. The results illustrate how a novice

crowd’s opinion comes close to expert judgement,
yet the novice crowd is easier to access and collect

information from [33, 34].

Collecting design information regarding AM is

not new; past studies have aggregated data from

STL and G-Code files from students, which enables

researchers to connect the information to MEX

tray failures to a certain extent. Bacciaglia et al

used aMATLAB script to read through each line of

a MEX tray’s G-Code and extract information

from lines that contain certain triggers; from this
they were able to create 3D models that accurately

represented the printed part [35]. A survey was done

by Song and Telenko in the Georgia Institute of

Technology makerspace, where print failure infor-

mation was collected and correlated to the amount

of experience that the student has with computer-

aided design (CAD) modeling and AM processes

[36]. The results did not show a strong correlation
between experience and the chance of a tray failure.

However, they had an overall small sample size, and

a significant portion of their part files were down-

loaded from experts online. It is challenging to

claim these parts to be expertly designed when

others have had immediate issues producing Thin-

giverse.com models, undermining the desired con-

nection between the designer’s experience level and
their CAD models. The limitations in previous

work present an opportunity where a crowdsour-

cing-based tool would thrive in capturing novice

MEX information by taking place within a maker-

space, where a rich source of novice AM students

exists.

3. Framework for Identifying and
Collecting Failure Information to Support
Student Learning in a Makerspace

With the opportunity to crowdsource MEX infor-

mation from students in a makerspace for correla-

tion with build quality and success, two efforts are

required. The first is to identify and categorize the

potential factors that drive build quality in MEX

systems. Secondly, it is necessary to establish a
robust means to collect student build information

to create a crowdsourced database of build quality

for analysis, synthesis, and distillation into usable

guidelines to support student learning.

3.1 Identifying and Categorizing Potential Factors

in Build Quality

Many parameters in the MEX process affect

fabrication, some to the extent that a build fails

entirely, while others may only leave features less

detailed. Though there are many possible error

sources in an MEX tray, they can be sorted into

one of four categories that characterize the MEX
process chain as relevant to makerspace use: (1)

the part’s design, (2) the slicing process, (3) the

machine system used, and (4) the student’s actions

during the physical printing process [6, 36–38].

Variables can be described further based on the
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impact each has on a build, broadly separated into

affecting (1) printability, (2) functionality, or (3)

quality. Large effects in these categories can cause

the entire part to fail, moderate effects can change

how functional a piece is, and minimal effects may

only change the object’s quality [6, 28, 29]. A
fishbone diagram, seen in Fig. 1, was constructed

to discretize possible factors driving failure into

the four categories. Parameters are shaded to

signify that they are characterized to affect the

tray’s printability, functionality, or quality,

respectively. The level of severity for each para-

meter was selected based on previous research and

guidelines provided by MEX machine companies.
It should be noted that parameter severity may

differ from machine-to-machine and personal

interpretation. Specific factors underpinning each

category are discussed in turn.

Part Design Factors: This first category encom-

passes features detailed in the part’s design, such as

thin walls and the STL resolution. For example, if a

printed wall exceeds a prescribed height-to-width
ratio, the feature can collapse mid-print due to

buckling, causing a printability failure that cannot

be resolved during the MEX process [39]. An STL

file holds the surface information by estimating

features with triangular faces; as such, the precision

of the part’s geometry depends on the set resolution

and can therefore cause the print to lack details [40].

Compared to the previously discussed point of
failure, the likely effect of poor resolution is inade-

quate quality, not outright failure of the build.

Slicing Factors: This second category includes

settings selected in the slicing software, such as the

use of support material and the prescribed infill

percentage. As with Part Design Factors, the

impact of such factors on the success of a build

can be varied. For example, support material may

negatively affect surface quality of the created part
butmay be necessary for proper fabrication [41]. By

contrast, the infill amount has minimal effect as to

whether the part will fail during the printing process

but largely accounts for its strength and thus its

functionality [42].

Machine System Factors: The third category

includes characteristics of the MEX machine, such

as the nozzle condition and diameter. For example,
since filament must by necessity flow through the

nozzle, a clog makes it impossible to extrude

material and thus acts as a severe factor on print-

ability. The nozzle diameter contributes to the sur-

face quality of the printed object, where a smaller

nozzle diameter can print finer details and may

reduce the overall surface roughness [43].

Student Interference Factors: Students can addi-
tionally interact with the MEX process while the

part is being fabricated and change settings that

may significantly impact the process. Such inter-

ference could include adjusting the temperature of

the nozzle or the speed at which the machine

extrudes. The nozzle temperature needs to be

within a certain range around the melting point of

the filament material, too cold and it cannot
extrude, too hot and it will fail to retain its shape.

The speed of the extruder can affect the object’s

tensile modulus, thus affecting its functionality [44].
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3.2 Collecting Relevant Build Information to

Establish a Crowdsourced Quality Database

With potentially impactful parameters identified, a

method of collecting the selected metrics from

student users of the makerspace is necessary. One

possible approach is to create a questionnaire that

asks students to detail their selected MEX process

variables and satisfaction of the finished build.
However, by minimizing the number of questions

asked of the students, their mental load can be

reduced, which may positively influence the

number of submissions, creating a richer dataset

from which to develop supporting guidelines. Cer-

tain variables, such as slicing software metrics, leave

a footprint in the build’s G-Code and can be

extracted through software such asMATLABwith-
out having to request input from the student. How-

ever, because the assessment of how the MEX tray

finished naturally requires the student’s perspective

on printability, functionality, and quality, questions

regarding how well the parts were fabricated will

need to be answered by the student, as will any

parameters adjusted during the printing sequence.

To increase the likelihood of students completing
the survey, a MATLAB script was formulated to

extract metrics that are stated in the prepared G-

Code, leaving only necessary questions for the

student. Data was gathered in two ways: (1)

through submission of their G-Code and (2) by

answering questions about their finished MEX

build. Students are meant to complete the ques-

tionnaire immediately after the build is manufac-
tured and their parts are picked up. This method

was selected to ensure that any characteristics of the

build quality reviewed by the student are due to the

printing process and not from anything after the

fact, such as a broken elements due to handling or

transportation after printing. A flowchart, shown in

Fig. 2, was created to visualize how data collection

happens and the order in which the student answers

the questionnaire.
Automated Data Collection from G-Code: The

student begins the questionnaire by uploading

their PrusaSlicer generated G-Code file for their

current tray. To maintain anonymity of submis-

sions, students are given a randomized name to use

for their build file. A MATLAB script is then used

to search for and store slicing process variables of

interest spelled out within the G-Code.
Manual Data Collection from Students: After

uploading their G-Code, students answer a few

introductory questions including theMEXmachine

used, whether a filament change occurred, and if

any parameters were adjusted mid-print. By asking

these few questions, multiple MEX parameter

values can be inferred and collected. Fig. 3 illus-

trates how the questions appear to the student in the
Qualtrics questionnaire. The final question of the

introductory section that every student answers is

howmany objects were being fabricated on this tray

and which of them, if any, failed to complete. In the

case of one or more objects failing to print, the

survey begins posing questions directly related to

printability outcomes; otherwise, they proceed to be

asked questions about part functionality.
Within the printability question set, the student is

first asked whether the MEX machine experienced

any vibrational impacts [38] or registered errors.

The Prusa MEX systems used in the student-cen-

tered makerspace in this work may display regis-

tered errors indicating problems with the G-Code’s
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slicing or a malfunctioning machine. Then, for each

object that failed to fabricate, the student is ques-

tioned when, where, and how the failure occurred.

Understanding how the part failed is important

information that only the student can answer,

which can help reveal the source of fault. For
example, an object failing within the first few may

indicate low adhesion to the build plate, caused by

an unclean plate or a small surface area of the part

serving as the foundation [37, 38].

Upon completing the printability questions, for

each part that failed to print the student is next

asked if each part has an intended function and, if

so, whether each seems to function properly. If the
part does not function properly, the student is asked

to detail the reason, which can help reveal the fault

to be either in the design phase or slicing settings. If

the part either has no intended function or func-

tions correctly, then the student is asked about the

quality of the part. If satisfied with the result, the

questionnaire ends, otherwise they must select why

they are displeased with the part. Students are
presented with visual examples of common quality

defects to help them better identify and describe

issues with their parts (as seen in Fig. 3). These

results can then be analyzed to determine which

parameters have a large effect on the printed part.

The completed questionnaire answers can then be

compiled and downloaded into an Excel spread-

sheet containing data from all submissions. The
corresponding G-Code files are downloaded into

a zip-folder, due to their large size, which can then

be extracted and examined later.

It is worth noting that, within this initial crowd-

sourcing approach, potentially impactful para-

meters related to design (as seen previously in Fig.

1) are omitted. This is due to the fact that this

information cannot be automatically extracted

from the uploaded G-Code in the same way that

other parameters can. To accurately capture design

information, it would be necessary to either have

the students self-report key design parameters in

their parts or to automate the extraction of design

data from an uploaded STL file. The latter is
currently challenging to do outside of voxel-based

analysis. As such, implementation in the current

survey format would require students to self-report,

which could further increase their cognitive load

and reduce their willingness to complete the survey

central to this research. In the end, the research

team elected to focus efforts on demonstrating the

proposed data collection and correlation technique
using more easily obtained data. Future efforts,

outside of the scope of this paper, will focus on

collecting design parameters to create a more

robust crowd-sourced data set.

4. Capture and Analysis of Crowdsourced
MEX Build Data

Once the questionnaire structure and correspond-

ing MATLAB extraction code was crafted, collec-

tion of makerspace MEX builds began. With

approval of the Penn State Institutional Review
Board, 118 builds from the Pennsylvania State

University College of Engineering makerspace

were collected and analyzed. Though this sample

is but a subset of the total number of builds that are

processed through the makerspace in a semester, it

nevertheless offers a sufficient dataset with which to

demonstrate the viability of crowdsourcing student

guidance in support of AM use.

4.1 In-Situ Study Setup

Survey participants in the selectedmakerspace were

recruited by posting flyers near the Prusa MEX
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machines within the makerspace, offering points

redeemable toward branded makerspace merchan-

dise for completing the optional survey. Students

were asked to take the survey on a device that could

upload the prepared G-Code, typically their com-

puter. Because of this, the research team elected to
avoid using a generated quick-response (QR) code

to access the survey, since it may be difficult to scan

through a computer camera. Instead, a short web-

site link generator was employed to reduce the

effort of the students finding the Qualtrics survey.

For each submitted G-Code and students’

answers to the questionnaire, the information was

inspectedwithinMATLAB, as discussed previously
in Section 3. All statistical analyses of this data set

were performed in R Studio using LASSO regres-

sion, which are discussed here in turn. It is crucial to

note that, to use the MEX machines at the maker-

space, two requirements must be met. One, the

student is a person affiliated with the university

and two, the student is first required to complete

an online safety quiz. After completing the safety
quiz, the Prusa MK3.5 machines can be used in the

open-access space; these are limited to PLA mate-

rial and require the student to remain during the

entire fabrication process. Through additional

makerspace training, access to more materials and

the PrusaMK4 and XLmachines can be granted in

the more constrained shop space. Though students

remained anonymous, it can be inferred from the
responses that, if an MK4 or XL machine was

utilized, at least one of the trainings was completed.

4.2 Results and LASSO Regression

Prior to initiating statistical tests on the collected

data, the MATLAB output data needed to be

formatted. Several variables were created and for-

mulated due to students incorrectly slicing their

parts on a systematic level, including whether the
machine and material being used match that

selected in the slicer. For example, there were

several instances where a student sliced their tray

for the PrusaMK4but were in fact using anMK3.5.

Additionally, builds with multiple parts were split

apart into their distinct parts, to both understand

how chosen MEX parameters influence individual

parts and to increase the size of the collected sample

to improve the accuracy of the model being used to
help establish the supporting guidelines.

In R Studio, the data was sorted into categories,

including for each dependent variable of interest: (1)

a data set containing every build with a success/fail

value, (2) a data set containing every individual part

with a success/fail value, and (3) a subset for when

support material is used. These distinct data sets are

necessary for analysis due to certain variables
appearing in specific circumstances; for instance,

‘‘Support Material Style’’ can only be investigated

when the support material is activated. Table 1

shows the distribution of build data submitted by

students during the collection period. The total

values in Table 1’s printability column represent

all parts/trays for the given row; for example, there

were 153 parts total that used support material, and
of those, 127 were fabricated and thus succeeded in

printability. Of those 127 parts, 100 had an intended

function and 98 of them functioned properly. For

those same 127 parts that either passed printability

and had no intended function, or had an intended

function and worked properly, 121 of them had a

satisfactory quality. At the ‘‘Build Tray’’ level,

successful builds regarding printability, functional-
ity, and quality were defined to be builds where all

parts on a tray were successful for that category.

With broad success of printability, functionality,

and quality tabulated, there is still a need to see how

specific factors of interest from Fig. 1 affect the

likelihood of print success along any of these three

dimensions. To achieve this, Least Absolute

Shrinkage and Selection Operator (LASSO) regres-
sion was selected for the statistical method for this

study because of its ability to handlemany variables

of interest, avoidance of overfitting for small data

sets, and circumvention of multi-linearity issues.
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Table 1.Distribution of success and failure for trays and individual parts submitted by students categorized by printability, functionality,
and quality

Distribution of In-Situ Data Collected

Printability Functionality Quality

Individual Parts Success 198 144 175

Failure 30 2 23

Total 228 146 198

Individual Parts w/Support Success 127 98 121

Failure 26 2 6

Total 153 100 127

Build Trays Success 67 49 52

Failure 10 2 15

Total 77 51 67



LASSO’s use of the lambda shrinkage operator

causes variables with little to no effect to have a
zero-value coefficient; therefore, only variables with

significant effects remain. Coefficients for each

independent variable were generated and represent

the change in log-odds of the dependent variable.

To better understand the effect of each independent

variable, these coefficients can be converted to

represent the change in odds of success of the

dependent variable. The transformed coefficients
relate the independent and predictor variables and

can be seen in Table 2 in their percentage increase-

of-odds form.

Having a predictor variable with the selected

value instead of the comparison value, while keep-

ing other variables constant, leads to a percentage

increase in odds for printability, functionality, or

quality for that dependent variable. For example,
activating the brim leads to the odds of success

increasing 220% for printability, 158% for function-

ality, and 103% for quality. Cells in the table with-

out numerical values represent that there was no

significant effect of the row’s predictor variable on

the column’s dependent variable, or that no analy-
sis could be done because there were too few

instances of this predictor variable used. Addition-

ally, several predictor variables are not binary, but

continuous, meaning that there is no simple ‘‘acti-

vated’’ state, but a distribution of levels; because of

this, there is no single resulting coefficient that states

its effect on all value increases. The continuous

variable with a significant effect in this LASSO
model is infill percentage, so for any increase in

infill, the following equation can be used to deter-

mine the negative effect for both printability and

functionality.

Decreased Odds of Success ¼
ð1� e�0:03 � ðInfill Percent IncreaseÞÞ � 100% ðEqn: 1Þ

For instance, a 1% increase in infill leads to 3%

decreased odds of success for printability and

functionality, and a 10% increase leads to 28%

decreased odds of success.
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Table 2. Results of LASSO regression for in-situ study with positive changes and negative changes noted

Independent Variable of Interest Dependent Variable Transformed Coefficient

Predictor Variable Selected Value Comparison
Value

Printability Functionality Quality

B
u
il
d
T
ra
y
s Estimated Print Time Time (for 1 hour increase) N/A – – –

Estimated First Layer Time Time (for 1 hour increase) N/A – – –

Filament Use Amount (for 1 gram
increase)

N/A – – –

In
d
iv
id
u
a
l
P
a
rt
s

Parameters Adjusted Mid-Print True False +57% –69% –78%

Printer Model MK4 MK3.5 +1076% – +153%

XL +52% – –

Slicer and Printer Model Match True False +260% – –68%

Slicer and Filament Match True False – – –

Filament Type Generic ABS Default +73% – –

Generic PETG +569% – –90%

Generic PLA – – –

Hatchbox PLA – – +400%

Prusa ABS – – –

Prusa PLA +475% – +520%

Support Material On Off –4% –49% +23%

Placement: Manual Placement:
Automatic

– – –

Location: Everywhere Location:
Build Plate

–76% – –99%

Style: Organic Style: Grid –32% – +109%

Style: Snug Style: Grid – – –99%

Print Settings 0.20mm, Speed 0.10mm, Fast
Detail

–93% –62% –97%

Other 0.10mm, Fast
Detail

– – –

Brim On True False +220% +158% +103%

Infill Amount (for 1% increase) N/A See (Eqn. 1) See (Eqn. 1) –

Style: Other Style: Grid –56% – +25%



4.3 Implications for Printing and Student Guidance

in the Makerspace

As mentioned previously, it was necessary to have

several data groups for each dependent variable,

including one specifically for entire builds, because

predictor variables such as print time and material

use regard the entire tray and not each individual

part on the tray. However, as shown in Table 2,
variables related to the entire build tray did not

have a significant effect on the success fraction of

printability, functionality, or quality. All significant

effects on dependent variables arose from looking

at individual parts; notably, there were several

distinct independent variables for each dependent

variable that had a significantly larger impact on the

student-evaluated outcomes. For each significant
predictor, the results will be discussed here in turn.

Printability Results: The variables that had the

greatest effect on the printability of parts included

the machine model used, filament type, brim use,

and support material location. Regarding which

model of MEX machine to use, MK4’s and XLs

showed an effect of increasing the odds of success by

1076% and 52%, respectively. Though these models
being newer may improve printability, a confound-

ing variable exists that requires further clarification.

As mentioned previously, the MK4 and XLmodels

require additional training, which provides a tutor-

ial to properly use the slicing software. Thus, this

data may show that the trainings themselves may

have a positive effect on the outcome of the build

and not necessarily the machine model alone.
If the student skips the initial PrusaSlicer config-

uration wizard, the desired parts will be sliced under

a ‘‘default’’ preset. This ‘‘default’’ filament preset

causes the system to preheat to lower temperatures

compared to the ‘‘Generic PLA’’ preset; this lacking

heat can cause an adhesion failure [36]. When

compared to ‘‘default’’, using ‘‘Generic ABS,’’

‘‘Generic PETG,’’ and ‘‘Prusa PLA’’ improve the

odds of success by 73%, 569%, and 475%, respec-

tively. This stands to reason that regardless of the

filament type loaded in the machine, slicing under

either of these three presets is a better investment

than using ‘‘default.’’ If the student chooses the

incorrect filament in the slicer, this can lead to a
significant failure that causes material to clog

around the nozzle, as seen in Fig. 4 (left). However,

the distribution of filament usage, as seen in Fig. 5,

shows that only two trays each used ‘‘Generic ABS’’

and ‘‘Prusa PLA.’’ When independent variables

have too few occurrences, the results can become

unreliable, and in this instance regarding filament

types, the results are limited by the lack of data. If
the student activates the brim and leaves all other

parameters constant, they can improve the odds of

printability success by 220%. By increasing the

surface area of the first fabricated layer with this

sacrificial material, brims can assist in preventing

delamination from the traymid-print. For example,

Fig. 4 (right) shows a part that failed in printability

by losing adhesion to the tray during the printing
process and did not have a brim activated, despite

having a large height to width ratio.

Finally, by selecting the support location set to

‘‘Everywhere’’ instead of ‘‘Support On Build Plate

Only,’’ the student decreases the odds of success by

76%. Having the location set to ‘‘Everywhere’’ has

PrusaSlicer determine all features needing support

and builds it stemming from directly below the
feature, regardless of whether that causes material

to be placed on top of the model. ‘‘Support On

Build Plate Only,’’ however, forces support mate-

rial to not build from on top of the model. While

this can possibly cause certain areas to become

unsupported because not all features can be reached

from the build tray, this may not come to pass

depending on the chosen geometry being printed.
Functionality Results: As seen in Table 2, the only

variable that had a positive effect on the function-

ality of parts was activating the brim, whereas
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Fig. 4. Large material clog as result of incorrectly slicing the proper material option (left) and sample part printed with support material
active but no brim, resulting in delamination and a printability failure (right).



adjusting the parameters mid-print, activating sup-

port material, selecting ‘‘0.20mm, Speed,’’ and
increasing the infill amount led to a decrease in

odds. As seen in Table 1, of the trays that had a

function, only 2 out of 51 builds failed at achieving

that functionality. Setbacks were encountered when

performing LASSO analysis for functionality and

because only 2 out of 146 parts failed; as such we are

unable to draw significant conclusions from

LASSO regarding functionality. However, the low
number of reported failures does suggest that

students in the space were generally able to fabri-

cate functioning MEX parts in the makerspace

when desired and encountered little failure in this

metric of build success.

Quality Results: The variables with the greatest

effect on the quality of individual parts include the

selected filament, mid-print adjustment, support
material usage, and print settings. Instead of using

the ‘‘Default’’ material setting, by selecting ‘‘Prusa

PLA’’ or ‘‘Hatchbox PLA’’ the student increases

the odds of success by 520% or 400%, respectively,

whereas selecting ‘‘Generic PETG’’ decreases the

odds of success by 90%. Understandably, selecting

a filament preset instead of ‘‘Default’’ will create

better parts, as previously discussed for printability;
however, the selection of ‘‘Generic PETG’’ decreas-

ing the odds of success so dramatically comes as a

surprise. Only two parts sliced under ‘‘default’’

preset, and both were successful in quality, whereas

selecting ‘‘Generic PETG’’ had a quality success

rate of 64% with 45 parts. If more data were

collected using ‘‘Default,’’ it is possible that more

failures would occur and this large PETG effect
would likely diminish.

The student adjusting parameters mid-print

decreases the odds of quality success by 78%. Of

forty parts adjusted mid-print that passed print-

ability and functionality, fifteen were deemed unsa-

tisfactory in quality; however, these all came from

the same tray and had the same adjustment, a set

speed of 200%. A speed increase may cause the

motor axis to become misaligned and cause a layer
shift, which was the reported issue for these eval-

uated parts. Notably, the support location of

‘‘Everywhere’’ instead of ‘‘Support On Build Plate

Only’’ decreased the chance of quality nearly

entirely. In total, there were 35 parts from 7 trays

with the support location set to ‘‘Support On Build

Plate Only’’ and only 1 of those parts failed the

quality assessment. If more data were collected, the
severity of its effect would likely decrease. Similarly,

the student choosing the style ‘‘Snug’’ instead of

‘‘Grid’’ decreased the odds of success nearly

entirely. The ‘‘Snug’’ style typically uses less mate-

rial than ‘‘Grid,’’ which may have a faster print

time, but it can also make supports harder to

remove and less stable, resulting in poorer overall

quality. Similar with printability, selecting
‘‘0.20mm, Speed’’ instead of ‘‘0.10mm, Fast

Detail’’ led to a significant decrease in quality

success. Thinner layers and slower speeds as used

in the ‘‘0.10mm, Fast Detail’’ preset can allow for

more detailed features which can more satisfactory

to the student. Only 28 out of 198 parts judged for

quality were slicedwith the ‘‘0.10mmmFastDetail’’

preset, and all were acceptable in quality to the
students. However, these stem from only 4 unique

trays which diminishes their overall significance.

An unexpected result from LASSO regression

was that having the slicer and printer models

match properly actually caused negative effect on

quality success. Such amismatchwould be recorded

if the student sliced a build for a MK3.5, but the

model used was actually an MK4. However, such a
mismatch would also be recorded if the tray was

sliced for an XL with the wrong number of tool-

heads, which did occur on several builds; it may be

that for this specific kind of mismatch, the effects

are minimal compared to slicing the tray for an

entirely different machine model. Because different

model machines have different dimensional limits

Ethan Gross and Nicholas A. Meisel464
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and set velocities, it is not recommended for stu-

dents to purposefully select the wrong printer

model to improve the build’s quality.

Discussion of Overall Build Success: Several vari-

ables have been discussed in their effect on print-

ability, functionality, and quality success.However,
a few key parameters had an overall positive or

negative effect that emphasizes their significance for

helping to guide students in an open-use maker-

space like the one observed in this study. By

activating a brim, all dependent variables’ chances

of success increase by at least double, and with a

brim’s limited additional material use, it is recom-

mended to emphasize that student’ activate it
whenever possible. Further, if enough time is avail-

able, the data suggests that it is beneficial for the

students be guided to select ‘‘0.10mm, Fast Detail’’

print setting in that it creates stronger and more

detailed parts and will likely improve their percep-

tion of the build’s final quality. These recommenda-

tions are commonly encouraged in the AM

community when troubleshooting build failure or
dissatisfaction with printed parts, but this study

shows that these same build recommendations can

successfully be identified through crowdsourcing in

a makerspace with a limited number of novice

responses.

Overall, this study representing MEX use in this

makerspace is not without limitations. From infor-

mal observations, there have been instances where
students will not submit all attempts to fabricate a

specific tray. Not all, or any, of these initial failed

attempts may have been submitted, and instead,

only the successful iteration could have been. This is

possible and likely, given that the number of

reported failures were limited in this data collection.

Additionally, though the makerspace used in this

study is generally representative of novice AM
students, MEX experience is not necessarily uni-

form throughout the space. As discussed, to use the

MK4s the students must attend an AM training

held by teaching assistants in the makerspace.

Additionally, to use different materials and the

Prusa XLs, the students must attend yet a second

training. Though the people who enter the maker-

space can be broadly classified as novices, it is
unreasonable to assume that they retain the same

level of experience and knowledge after the required

training. As such, data which involves the more

advanced MEX models or materials outside of

traditional PLA may be confounded with differ-

ences in student experience.

4.4 How to Better Support Makerspace Novices in

MEX

The results found through the in-situ study reported

in this work can accomplish more than just reveal-

ing which parameters student users should select

when preparing and running a build. 118 submitted

makerspace builds allow us to begin understanding

of where students unfamiliar with MEX may

encounter failure and success. In turn, we can use

this new understanding to develop insight into how
students could be better instructed to have a more

positive learning experience. As discussed in Sec-

tion 2, students will often learn MEX through trial

and error normally; however, encountering failure

can lead to negative experiences and frustration

with AM. The information learned through this

study can be implemented in a way that assists in

reducing the number of failures seen in novice
builds, while still encouraging a philosophy of

‘‘learning through doing’’ that makerspaces tend

to employ. From an engineering education perspec-

tive, these findings support constructivist principles

by enabling students to build knowledge through

experience while minimizing excessive, and poten-

tially frustrating, failure. Structured interventions

informed by the empirical data captured through
the crowdsourcing efforts in this paper can help

novices progress from basic operational skills

toward higher-order design and manufacturing

competencies.

For instance, a failure commonly encountered in

this study was the tendency for parts to become

unadhered to the tray mid-print, causing an issue

that cannot be resolved during the printing process.
This can happen for a number of reasons but

commonly has to do with the sliced part having a

small amount of surface area interacting with the

build tray. These commonly faced problems may

suggest that students are manufacturing MEX

builds in poor orientations, designing parts with

small or highly curved surfaces, or simply not

choosing the best suited slicer settings. However,
with the findings from the crowdsourced data, the

makerspace could emphasize the most beneficial

information to avoid build failure in a concise

manner before students use the MEX machines.

Similarly, from the crowdsourcing it was identified

that activating a brim increased the odds of print-

ability success and improved part quality, all with

minimal material cost. This is an easy adjustment
that can be taught early to novices to improve their

learning. Avoiding excessive infill was also found to

be critical, since the data showed that in certain

cases increases in infill can reduce the odds of

success, reinforcing student lessons on resource

efficiency. Embedding these insights into validated

slicer profiles for students could ideally reduce

students’ cognitive load and allow them to focus
on growing their conceptual understanding of AM

rather than troubleshooting avoidable errors.

Despite the makerspace in this study offering
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training covering MEX in a great deal, failures

were still encountered in these more restricted

spaces that could have been minimized. The con-

clusions drawn from this data encourage the train-

ing to be revised to focus more on the issues

brought to light. For other makerspaces that do
not have MEX trainings, this knowledge can be

used on a wider scale to provide any novice-filled

makerspace with validated advice for those unfa-

miliar with MEX. Integrating these findings into

structured guidance can ensure that students spend

less time on repetitive failure and more time enga-

ging in iterative design and functional prototyping,

which are the key drivers of makerspace use in
engineering education.

Novices attempting to use unfamiliar equipment

already take a step outside their comfort zone and

may not ask for help immediately. Therefore, it is

up to the makerspace to meet novices halfway

through providing validated resources that help

newcomers both avoid a negative experience and

the consequences of build failure. One way to
accomplish this would be through visual trouble-

shooting guides, built off the crowdsourced data

discussed in this paper, that illustrate common

failure modes and corrective actions to improve

print success. Such guides may empower students

to self-diagnose issues and could also be paired with

structured peer collaboration in the makerspace to

further create opportunities for shared learned
about printing success and failure. Such approaches

align with both active and peer-assisted learning

models widely adopted in engineering education,

and, in turn, may reinforce technical fluency and

metacognitive skills. By embedding the evidence-

based best-practices identified through our AM

crowdsourcing efforts into an informal learning

environment like a makerspace, it will enable the
space to function not only as a fabrication hub but

as pedagogically rich ecosystem where technical

success can translate into meaningful educational

outcomes.

5. Conclusions and Future Work

This paper describes the formulation and deploy-

ment of a crowdsourcing-based data collection tool

that extracts MEX build information to reveal

where common sources of success and failure arise

in novice trays. The build data is correlated along-

side a student evaluation of the MEX tray’s perfor-
mance to provide a range of printing-related

information while minimizing inconvenience to

the student. Through LASSO regression, the stu-

dent-selected settings were investigated for their

effects on the three dependent variables of every

MEX tray: the success of printability, functionality,

and quality. Several MEX build parameters were

identified in their positive or negative effect on the
student’s tray, with some having a strict either

positive or negative effect, and others having

mixed effects. For instance, the study showed that

the activation of a brim led to positive increases for

all, whereas the activation of support material

improved quality but had a toll on the odds of

success for printability.

As previously discussed, a limiting factor in the
study was sample size. There were several variables

that could not be fully analyzed because of the lack

of data; there were especially few failed builds

collected. Additionally, because of the makerspa-

ce’s policies regarding training procedures, the in-

situ data collected cannot be assumed to be solely

from novices, as originally intended. To draw

conclusions about the variables whose results were
inconclusive in this study and reinforce the results

of significant parameters found, more data collec-

tion is necessary. Because of the lack of failure data

collected, it is recommended that the next data

collection reinforces the types of data wanted;

both successful and unsuccessful build data is

desired to draw accurate conclusions about maker-

space builds. ThoughMEX data was collected, and
recommendations can be made, additional infor-

mation is needed to provide conclusive endorse-

ments to specificMEXparameters that will result in

the highest chance of build success.
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