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I. INTRODUCTION  

Data collection is the process where specific variables are 

targeted for compiling and used to gain a better understanding 

of how a system is running. This allows systems and proce-

dures to be quantified and improved, as well as proper docu-

mentation to be taken [1]. Applying this idea to a makerspace 

can be crucial for the benefits above. Data collection is an 

essential part of running a makerspace, and this review com-

piles information on makerspaces from universities all over 

the U.S. to allow new and current makerspaces to begin data 

collection of their own.  Data collection can be used to view 

equipment usage, peak hours, and more importantly, to in-

crease funding. These data can be collected in many various 

ways, and different sets of data can be utilized for different 

purposes. Knowing the number of users coming into the space 

on a daily basis and where they are coming from would help 

demonstrate quantitative success to sponsors or donors. Such 

information can, in turn, lead to even more funding and attract 

other sponsors as well. Data collection can also improve the 

staffing of a makerspace as well as where to direct the funding 

received. A statistical analysis of the user data can be 

conducted to explore insights to help identify which 

equipment needs more frequent maintenance, which areas 

need more staff, and which times need more staff. This data 

can fulfill some of the needs in volunteer-run makerspaces 

[2]. On top of user data, these systems can help staff adminis-

ter the makerspace by tracking who is using equipment, run-

ning queues for equipment, and marking tools down. Imple-

menting a data collection system can be critical to running a 

makerspace since it could help staff better manage the space, 

provide insights on how to expand, or help solicit more 

funding. This review allows makerspaces to see how different 

methods can help impact their spaces as well as learn more 

about what needs to be done to improve their spaces. 

II. BACKGROUND 

There are a few different ways different spaces go about 

collecting data. Other papers have also outlined the value and 

impact of such data on makerspaces [3][4][5]. One of the most 

commonly used methods is scanning some form of ID using 

a Badge ID reader. This is a more expensive and involved 

method of collecting data but is the easiest way to maximize 

fields of data while minimizing the amount the system in-

trudes on the flow of a makerspace. Data can also be tracked 

through a manual username and password login or an app that 

connects to the registrar to obtain user info. This is much eas-

ier to implement but disrupts the flow more than a simple ID 

swipe. This method can collect the same fields of data that an 

ID reader collects but is harder to enforce because of how te-

dious entering multiple fields is. Usually, manual logins are 

placed near the door to a makerspace, and it is not trivial to 

display which tools are being used and for how long. A close 

alternative to this is setting up an iPad, or similar device, to 

have users fill out a survey that asks a user to fill out a series 

of fields. While reliant on the user entering their information 

truthfully, this method can target more specific data fields like 

which tool is being used how long it was used, and the user’s 

purpose. This method is the most disruptive to the flow of the 

space because it requires much more time for the user to fill 

out.  The turnstile counter is one of the least disruptive meth-

ods that can be used but can only tell how many people have 

come in and out of the space and what time. A light break 

beam sensor has the same functionality as a turnstile and is 

less intrusive.  

III. METHODOLOGY  

Phase 1 – Discovery  

In the first phase of this research, the objective was to con-

duct a thorough study to find all the makerspaces available in 

the United States. This was very challenging as there is no one 

single publicly accessible repository that has a complete list 

of all the makerspaces available. Therefore, an online search 

using keywords such as “makerspaces at higher education in-

stitutions,” “makerspaces at universities,” and “makerspaces 

in the United States” was conducted. The search was also 

varied by changing the word ‘makerspace’ from one word to 

two words ‘maker space.’ Further, the search was re-con-

ducted by changing the word ‘makerspace’ to ‘fablab,’ as 

there is no consistency in the use of the various terms across 

makerspaces. 

To get a better idea of the various terms that were found, it 

is essential first to define what a Makerspace, Hackerspace, 

and Fablab are. The differences between these terms are 

elaborated by Gui Cavalcanti [6]. Studying the differences is 

essential because many makerspaces start as a student organ-

ization and sometimes they are named incorrectly, but usually 

the name sticks. Thus, some makerspaces are sometimes 

referred to as a hackerspace and vice versa.  

Another data source and guide that was used to identify 

makerspaces was using the list provided by Barrett and his 

team [7] in their paper titled “A Review of University Mak-

erspaces.” Thirty-Five makerspaces located at various univer-

sities across the United States were identified in the paper. 

This paper utilizes a similar process used by Barrett’s team to 
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find an additional 64 makerspaces [7]. Appendix A shows all 

the search phrases that were used in this research.  

The number of universities, however, is different from the 

number of makerspaces that were found, since some univer-

sities have more than one makerspace, data collection meth-

ods used at each makerspace in the same university might be 

different. However, to simplify the review criteria, the data 

was collected for each makerspace and compiled it into one 

university to compare university to university and have a 

broader perspective of the data collection method used across 

the university in the makerspaces. Furthermore, other web-

sites were found after completing the discovery phase. These 

are shown in Table 1. 

Phase 2 – Sorting and Inquiry 

Only one primary makerspace from each university was 

studied in this paper, except for MIT, which had a makerspace 

system. Thus, the makerspaces at MIT were combined under 

a common heading of one makerspace for ease of comparison. 

This allows comparing how various makerspaces at different 

universities collect data. MIT has a system of makerspaces on 

campus in which each makerspace collects different types of 

data as well as having varied methods for collecting that data, 

then all the data collected and the methodology for collecting 

the data will be merged under the same university. This is also 

true since a lot of the makerspaces on the same campus can 

learn from one another and adopt similar techniques. The list 

at this URL (https://bit.ly/2jtDD65) also includes the univer-

sity list of all the makerspaces.  

Information about data collection procedures was collected 

from the makerspaces through an online form and interviews. 

Appendix B shows the online Google form that was sent to 

the makerspace personnel before conducting phone inter-

views. These forms were sent to representatives of 99 mak-

erspaces, listed here (https://bit.ly/2jtDD65), of which 14, 

shown in Table 2, responded. Representatives from the mak-

erspaces who responded to the form were interviewed using 

the questions listed below: 

 Does the makerspace collect data about the users (this 

includes usage, log in count, demographics, link to uni-

versity’s registrar data, etc…) and if yes how? 

 Does the makerspace collect data about the equipment 

(this include usage, operation status, maintenance, etc.) 

and if yes how? 

 How are training and/or checklists conducted in 

the makerspace? 

 Does the makerspace use a queueing system and if yes 

can you explain how it works? 

 Are there any other metrics that the makerspace collects 

and uses to improve its performance? 

 

 

 

 

 

 

 

Table 1: Resources for finding Makerspaces. 

Name Website 

Maker 

Map 

http://themakermap.com/ 

Hack-

erspaces 

https://wiki.hack-

erspaces.org/List_of_ALL_Hacker_Spaces 

NexPCB https://resources.nex-

pcb.com/blog/blogs/news/82354177-the-list-

of-makerspaces  

Maker 

Schools  

http://make.xsead.cmu.edu/knowledge-

base/schools/  

Make: 

mak-

erspaces 

https://spaces.makerspace.com/directory/  

Phase 3 – Review  

Survey and interview responses collected from the 14 mak-

erspaces were analyzed to understand what data is being col-

lected by each makerspace and how the data is being used. 

Furthermore, we also investigated how data is being collected 

in each makerspace and the amount of effort/burden that it 

causes to the user.  

Table 3 shows what data collection method each mak-

erspace uses to collect their data. The ID badge, requires the 

user to carry their university ID card with them, then walk to 

a check-in kiosk, and then swipe their ID there. The on-screen 

login means typing the name of the user at a kiosk. In this 

case, the user is required to walk to the kiosk and type their 

information. For the surveys or paper logs, the user is re-

quired to go to the log or survey and record their information 

or information about their project. Using an online login or 

Google form, the user can type their information either at a 

kiosk or on their laptop or their phone, so they do not need to 

walk.  

Table 4 shows some of the aspects that could contribute to-

wards the human effort for each data collection method. There 

is an unknown for the time required to complete the task, as 

all devices except for the online login require the user to walk 

to a kiosk and check-in. The reason why online login does not 

require that is because users can log in using their phones or 

laptops and thus do not need to go to a specific kiosk to check-

in. Thus, the time can vary depending on the location of the 

kiosk in the space. If the end user already carries a unique RF 

identification badge, then the RFID badge scanning at kiosk 

provides the most accurate information with the least amount 

of user effort. Accuracy is considered high since the RFID 

reader grabs the data from the university database. While the 

on-screen and online login are both based on the user’s input, 

errors can still occur. Then finally, the survey or paper log 

runs the risk of the user making an error while writing or when 

the staff is transcribing the data on the computer.  
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Table 2: List of Universities that responded to the survey and inter-
view questions.  

University Makerspace 

Yale  CEID 

Case Western Reserve Uni-

versity 

Sears think[box] 

Georgia Tech Invention Studio 

UC Berkeley Jacobs Institute for De-

sign Innovation 

Carnegie Mellon University IDeATe 

Stanford University  create:space 

Olin College  The Shop  

MIT MIT Maker System 

North Carolina State Univer-

sity 

D. H. Hill Library and 

Hunt Library Mak-

erspaces 

Penn State Maker Commons 

California Polytechnic State 

University San Luis Obispo 

The Innovation Sandbox 

Duke University  Collab Studio  

College of San Mateo CSM Library Makerspace 

Bucknell University 7th Street Makerspace & 

The Maker-E 

Table 3: Type of data collection used at each university.  

University ID 

Badge 

On-

Screen 

login 

Survey/ 

paper 

log 

Online 

login 

Yale * * 
  

Case Western * * 
  

Georgia Tech * 
   

UC Berkeley * 
   

Carnegie Mellon * * 
  

Stanford 
   

* 

Olin College * * * 
 

MIT * * * 
 

North Carolina 

State 

* * 
  

Penn State 
 

* 
  

California Poly-

technic State 

University 

 
* 

  

Duke 
   

* 

College of San 

Mateo 

 
* 

  

Bucknell  

University 

* 
   

Table 4: Aspects that contribute to the human effort for data collec-
tion method.  

 
RFID 

Badge 

On-

Screen 

Login 

Sur-

vey/Pa-

per log 

Online 

Login 

(Google 

Forms) 

Action re-

quired by 

the user 

1-Carry 

ID 

2-Walk 

3-Swipe 

1-Walk 

2-Type 

1-Walk 

2-Write 

1-Type 

Time re-

quired by 

user 

<5s + 

walk 

~30s + 

walk 

~20s + 

walk 

~15s 

Time re-

quired by 

staff 

0 0 Tran-

scribe  

0 

Accuracy  *** ** * ** 

Human 

Involve-

ment 

User User User + 

staff 

(tran-

scribe 

data) 

User 

IV. RESULTS AND DISCUSSION 

Data from the survey and the questions asked were re-

viewed and summarized in the figures below. To do this, the 

data that was being collected by each makerspace had to be 

quantified as well as quantifying the human effort while col-

lecting this data. Figure 1 shows the two-tier data collection 

strategy for usage data. The top tier is, “User count,” which 

involves only counting the number of users. A higher resolu-

tion of data is possible through the lower tier of data collection 

which involves capturing username, contact information, af-

filiation and training record/credentials.   

 

 

Figure 1: Tiers of user data collection.  

Each category was assigned a point such that if the only 

data collected is ‘Name’ and ‘Contact Information,’ the index 

will be 2. But if the data collected was only ‘Name’ or ‘Num-

ber of users’ then the index will be 1. For example, The In-

vention Studio at Georgia Tech collects the number of users 

coming into the space, their names, affiliation, and contact in-

formation, and also has a training record for all the users. 

Therefore, the Invention Studio was assigned an index of 5 

for user data collection. The highest index that can be 

achieved is 5, and the lowest is 0.  

Usage 
Data

User 
Count

Name
Contact 

Info
Affiliation

Training 
Record



 

 

 

 A similar methodology was used to categorize the equip-

ment data collected and the level of effort. For the equipment 

data, the highest index is 4, and the lowest is 0. Figure 2 shows 

the four main categories of equipment data collected.  

 

Figure 2: Categories of Equipment data collection. 

Table 5 and Finally, quantifying the level of effort or burden for 
each data collection method was more challenging as a lot of mak-
erspaces use more than one method of collecting the data from the 
user. However, after discussion with student users for the space as 
shown in Table 4, the scale was decided to be as follows. ID Badge 
login has minimal effort and thus receives an index of 1. On-Screen 
login or typing takes, more time and thus more burden and has an 
index of 2. Website or online login was decided to have the same 
amount of effort as an onscreen login and thus have an index of 2 
as well. Paper logs also got an index of 3, as it would take more time 
for staff to transcribe the data and the data might not be accurate. 
Consequently, if a makerspace uses one of the data collection meth-
ods, they only get the index for that method. However, if they are 
using more than one method to collect data, the index is added for 
each method. For example, if a makerspace is using ID Badge login 
and on-screen login, then its index will be 3.  

Table 6 lists different methods that are used for collecting 

user data, what fields of data can be gathered from each one, 

and how they affect the space. The table shows trade-offs that 

relate to what type of data each equipment can collect and 

how they affect the space. There are two types of user data, 

information about the user and what the user is doing.  

Table 5: Method of data collection and the amount of user data col-
lected for the makerspaces that were surveyed.  

 ID Badge Turnstile 
(or 

Equiva-
lent) 

On-
Screen 
Login 

Online 
Login 

(Google 
forms) 

Number 
of users 

* * * * 

Name *  * * 

Contact 
Info 

*  * * 

Affilia-
tion 

*  * * 

Year *  * * 

Date * * * * 

Time * * * * 

Gender *  * * 

Finally, quantifying the level of effort or burden for each 

data collection method was more challenging as a lot of mak-

erspaces use more than one method of collecting the data from 

the user. However, after discussion with student users for the 

space as shown in Table 4, the scale was decided to be as fol-

lows. ID Badge login has minimal effort and thus receives an 

index of 1. On-Screen login or typing takes, more time and 

thus more burden and has an index of 2. Website or online 

login was decided to have the same amount of effort as an 

onscreen login and thus have an index of 2 as well. Paper logs 

also got an index of 3, as it would take more time for staff to 

transcribe the data and the data might not be accurate. Conse-

quently, if a makerspace uses one of the data collection meth-

ods, they only get the index for that method. However, if they 

are using more than one method to collect data, the index is 

added for each method. For example, if a makerspace is using 

ID Badge login and on-screen login, then its index will be 3.  

Table 6: Method of data collection and the amount of equipment 
data collected for the makerspaces that were surveyed. 

 ID Badge Turnstile 
(or Equiv-

alent) 

On-
screen 
Login 

Online 
Login 

(Google 
form) 

Training 
Status 

* 
 

  

Tool      
Usage 

*  * * 

Reason for 
Use 

 
 

 * 

 Figure 3 shows a comparison of the amount of data col-

lected by each makerspace. The blue bars show the user data 

collected while the orange bars show the equipment data col-

lected. As evident from the graph, more makerspaces are 

concentrating their efforts on user data collection versus 

equipment data. It can also be seen that the 14 makerspaces 

surveyed have a high commitment to data collection as they 

all collect some data about their space. Finally, it can also be 

seen in Figure 3 that only the College of San Mateo in this 

study does not collect any data about the equipment in their 

makerspace.   

 

Equipment 
Data

Operation 
Status

Usage
Queuing 
System

Maintenance



 

 

 

 

Figure 3: User and equipment data collected by various mak-
erspaces in different universities. 

Furthermore, the level of effort is a critical aspect of the 

data collection in makerspaces, as the culture of making 

should never be affected by collecting data. Each university 

was given a data collection index, which was compared to 

how big the university is. All the makerspaces were then 

compared to each other based on much data they collect on 

their users as well as how much equipment data is being 

collected versus the effort level on the user and the size of the 

university. The number of students enrolled in the university 

per academic year was used to determine the size of the uni-

versity. This data is represented in the following graphics us-

ing the shape of the marker which relates to the university, the 

y-axis represents the effort level, and the x-axis represents the 

data being collected. Figure 6 shows the legend of the graph 

showing total data collected versus effort level. Figure 4 puts 

university size, which is defined by the number of students 

enrolled, on the y-axis and table of the actual numbers en-

rolled can be found in the table in Appendix C. The data in-

dex, defined earlier in this section, is on the x-axis. There is 

no correlation in this figure, and most of the universities have 

an index above 5. From the table and figure, it can be shown 

that just because a university is small, doesn’t mean that data 

is more difficult to collect. 

Moreover, in Figure 5 the data is scattered all over the 

graph, showing that there is still a need for improvement in 

equipment data collection. Three makerspaces have an index 

of 4 in the equipment data collection and two of which have 

an effort level of 1. Therefore, it is possible to collect more 

data without causing additional human burden. This could be 

made possible by using minimally burdensome data collec-

tion devices, such as ID card. 

 

 

Figure 4: Size of university according to the number of students 
enrolled compared to the total data index per university. 

 

Figure 5: Comparing total data collected (user and equipment) and 
effort level for each university while taking into consideration the 
size of the university. 

Figure 5 shows the combined user and equipment data col-

lected as well as the effort level. In the graphic, it can be seen 

that there are only three makerspaces that index 9 in the total 

data collection and only one of these makerspaces also index 

1 for the effort level. It can also be seen that most makerspaces 

are between an index of 4 to 6 on the x-axis.  Consequently, 

there was no correlation between data collected and effort 

level. It is not necessary for the level of effort to be high to 

collect rich and relevant data. 

MIT notably, has a system of several makerspaces inde-

pendent of each other. Each of these spaces uses different 

methods of data collection, and it is difficult to say how the 

university as a whole collects data from their makerspaces. 

Each space may collect different types and quantities of data. 
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Figure 6: Legend of scatter plots 

V. CONCLUSION AND FUTURE WORK  

Representatives from the university makerspaces were 

asked in the survey why they are collecting data in their 

space? This question was asked to understand how and why 

the data collection initiative started at the respective mak-

erspaces. All the replies revolved around a common theme of 

using the data to better serve their users and to justify that 

people are using the space. However, more detailed answers 

include the use of data to be able to secure future funding from 

the university’s administration, sponsors, or donors. Other 

makerspaces mentioned the use of the data to plan and form a 

more strategic vision for the space. Furthermore, another 

makerspace also mentioned “to identify whom we are serving 

(and therefore, not serving)” and that is a crucial point. As 

makerspaces sometimes seem like they only serve one depart-

ment or a group of majors; however, it has been evident that 

a lot of students come from various backgrounds into these 

spaces. Consequently, using the data to show the diversity of 

users in the space as well as the inclusion of all the community 

is vital in reporting and outreach. Moreover, all the mak-

erspaces that were surveyed have plans to improve their data 

collection methods, using the data they collected differently, 

or collecting and comparing more data.   

By showing which methods are more common and which 

of these methods collect the most data, new makerspaces and 

spaces that are wanting to collect more data can see which 

methods would fit their space better. Also, this review informs 

how disruptive each method is to a space and how to set up 

their data collection systems to affect the users as little as pos-

sible. While the data collection systems operate in the back-

ground, the administrators are using the system to compile in-

formation about who is coming into the space, where they are 

coming from, what tools are being used, why the tools are 

being used, when the space is being used, and how often users 

come back. All this information collected is beneficial when 

presenting to sponsors and potential sponsors. It gives pur-

pose and drive for these sources of funding to continue to fund 

and help expand the makerspace, outreach to a broader range 

of users, and ultimately increase opportunities for the users. 

Many makerspaces that collect this data report more expan-

sion and an overall better administration of the space. The us-

age data can also be used to better direct resources of the space 

such as money, maintenance, staffing, and equipment pur-

chasing. Spaces that use this data to their advantage report a 

higher cognizant ability to run it more efficiently. Some of 

these systems can aid staff when training or tracking which 

users are using which equipment [8]. A goal for all mak-

erspaces should be to set up some data collection system. 

Even though the task may be tedious and slightly disrupt the 

flow, especially in more open-ended makerspaces, it is a 

useful capability to have and helps tremendously with the 

connection of makerspaces.  

Some makerspaces are looking to set up a system that col-

lects a reasonable amount of data while not being too costly 

or interfering with the space, but they are not sure where to 

begin. Setting up some sort of an open source guide to help 

spaces get started with the right setup, equipment, and meth-

ods to start collecting their own user data would be a future 

project that could be beneficial to the general community of 

makerspaces. As the maker mindset grows, the development 

of a website to track, locate, and connect makerspaces across 

the country, becomes more necessary.  

There is still a lot of work that needs to be done in collect-

ing data and making use of it. Data collection methods have 

been improving for the past few years to decrease user burden 

and increase the amount of data the device can collect. A use-

ful resource for the community could be an up to date data-

base of the all the makerspaces at higher education institu-

tions. The database will include not only the makerspace’s 

website and contact information but also the monthly user 

count and the equipment and tools used. Furthermore, more 

research is needed to help makerspaces continuously improve 

their data collection methods. Such research and innovations 

could help makerspaces utilize least intrusive data collection 

devices to gather crucial data points necessary to drive fund-

ing as well as assist with effective makerspace management. 
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VII. APPENDIX A – SEARCH PHRASES 

 Makerspaces (replaced by Maker spaces / mak-

erspace / makerspaces in the search phrases) 

 Makerspaces in higher education  

 University makerspaces  

 College makerspaces  

 Community makerspaces  

 Higher Education Makerspaces 

 Makerspaces in the united states  

 List of makerspaces  

 List of university makerspaces 

 Map of makerspace 

 Map of university makerspaces 

 Making culture in higher education  

 Making culture in universities  

 Making spaces in higher education  

 Making spaces in universities  
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