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Warm-Up

Exercise
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Respond to one of each question type!
As a transit rider…
• How would you describe your 

usage of MARTA?

• What is the most important transit  
service feature?

• How do you discuss MARTA with 
others?

• What is one mobility need 
currently not being met?

As an individual…
• What do you think people first 

notice about you?

• What part of your identity are you 
most proud of?

• What causes are you passionate 
about?

• What groups do you participate 
in?
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We just 
simulated 
the process 
of creating 
personas!
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Fictitious people describing core users / customers—typically includes a name, a picture, 
and details about the characteristics, behaviors, and attitudes of the persona in question



Why a personas approach?

• Personas research originated in the mid-2000s

• Prevalent in fields such as product design, marketing research, health informatics, etc.

• Commonly-cited benefits in literature:
• Generates evaluation guide for decisions
• Stimulates more innovative thinking
• Fosters inter-disciplinary, multi-perspective team collaboration
• Assists with communication across stakeholders
• Frames problem-solving scope
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Tomasz Miaskiewicz, Kenneth A. Kozar. Personas and user-centered design: How can personas benefit product design processes? 
Design Studies, Volume 32, Issue 5, 2011, Pages 417-430, ISSN 0142-694X, https://doi.org/10.1016/j.destud.2011.03.003.



Problem History
MARTA (C-team) is searching for ways to bolster empathy in decision-making processes

 Humanized understanding of context via emotional identification How will different user 
groups be impacted? Can these impacts be distributed equitably?

 Discussed creation & implementation of personas profiles with other transit agencies

Use a data-driven approach to classify MARTA ridership for persona profiles

 Simplify numerical data into an easy-to-understand representation—another human being!

 Aggregate similar users under one shared representation, thereby facilitating the 
understanding and communication of users’ needs and wants in an organization’s design or 
development process

6Joni Salminen, Joao M. Santos, Soon-Gyo Jung, Motahhare Eslami & Bernard J. Jansen (2020) Persona Transparency: Analyzing the Impact of Explanations on Perceptions of Data-Driven 
Personas, International Journal of Human–Computer Interaction, 36:8, 788-800, DOI: 10.1080/10447318.2019.1688946

Problem Statement

https://doi.org/10.1080/10447318.2019.1688946


Presentation 
Outline

Background Typology of segmentation approaches

Examples of personas research

Data & 
Methods ARC transit on-board survey

Statistical model (don’t be scared!)

Results Class names & descriptions

Visualize membership features

Wrap-Up Key limitations & takeaways

Feedback from YOU



Classifying 

MARTA 

Customers
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Key Concepts
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Combine

https://towardsdatascience.com/the-5-clustering-algorithms-data-scientists-need-to-know-a36d136ef68

“Data mining”



Transit Personas Examples
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Hamilton, Ontario
Academic Research

• Inputs
• Travel behavior
• Employment status
• Geography
• Perceived behavioral 

control

• Outputs
• 7 expert-based personas
• 55.5% of survey sample

London, NYC, 
Singapore

Accenture Report

Sound Transit (Seattle)
Station Design Guide

Eldeeb, Gamal, and Moataz Mohamed. 2020. "Understanding the Transit Market: A Persona-Based Approach for Preferences Quantification" Sustainability 12, no. 9: 3863. https://doi.org/10.3390/su12093863
https://www.accenture.com/content/dam/accenture/final/a-com-migration/r3-3/pdf/pdf-162/Accenture-Public-Transit-Rebuild-Ridership-Rebuilding-Trust.pdf
https://www.soundtransit.org/sites/default/files/documents/sound-transit-station-experience-design-guidelines-june-2022.pdf

https://doi.org/10.3390/su12093863
https://www.soundtransit.org/sites/default/files/documents/sound-transit-station-experience-design-guidelines-june-2022.pdf


Data & 
Methods
Which inputs can/should we consider?

What method works best for our goals?
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2019 Transit Onboard 
survey conducted by Atlanta 
Regional Commission (ARC) 

and MARTA

• Over 40,000 total surveys 

• Transit riders on all six systems in 20-

county ARC study area

• Intercept interview with passengers for 

current trip

“Modeling and Surveys.” n.d. ARC. https://atlantaregional.org/transportation-
mobility/modeling/regional-board-transit-survey/

https://atlantaregional.org/transportation-mobility/modeling/regional-board-transit-survey/


Analytical Method

QUESTION: Given variables we observe in our data, can we identify unobservable groupings of 
riders that are maximally similar within a group and maximally dissimilar between groups?

ANSWER: Utilize Latent Class Analysis (LCA)!

Three major components of LCA models:

1. Input variables that determine the number of classes (groupings)

2. Input variables that determine the probability of an individual belonging to each class

3. Supplementary variables that further describe the class membership

* Different “diagnostic tools” available to make decisions regarding the above
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Variable Considerations
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Variable Recoded Breakdown

Age

≤24 years old
25 to 44
45 to 64
≥65 years old

Trip Purpose

Airport
Education (K-12 & university)
Medical
Work
Other (includes eating out, recreation, shopping)

Student Status Yes or No

Annual Household Income

<$30,000 per year
30 to $50,000
$50 to $75,000
≥$75,000 per year

Personal Vehicle Access
Yes if the respondent has a driver’s license AND 
their household owns at least one vehicle
No otherwise

Transit Use Frequency Frequent if ride at least two days per week
Infrequent otherwise



Results
How many classes are generated?

What are the class compositions?



LCA 
Classifications

• Final sample size of 34,528 respondents
• 9-class model was deemed best-fitting
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16.84%

7.28%

4.90%

2.83%
23.29%

5.17%

20.51%

11.41%

7.78%



Class Grouping #1: Predominant Commuting Purpose

Ridership 
Classes

Commuters

Millennial 
w/ “choice”

Millennial & 
ride-hailing

Lower-income & 
transit-dependent

High-income 
w/ “choice”

Youth

Others



Class Grouping #2: The “Younger Crowd”

Ridership Classes

Commuters

Youth

Low-income &  
transit dependent

Socioeconomically 
diverse students

Others



Class Grouping #3: Other Distinguished Riders

Ridership Classes

Commuters

Youth

Others

Transit-dependent & 
socioeconomically 

vulnerable

Higher-income, air 
travel & local leisure

Transit “dabblers” 
for recreation



Distribution of Trip Purpose
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1: Millennial “choice” commuters

2: Transit-dependent, socioeconomically vulnerable

3: Higher-income air travel & local leisure

4: Transit dabblers for recreation

5: Low-income transit-dependent commuters

6: Low-income transit-dependent youth

7: Millennial ride-hailing commuters

8: High-income “choice” commuters

9: Socioeconomically diverse students

Key



Distribution of Annual Household Income
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1: Millennial “choice” commuters

2: Transit-dependent, socioeconomically vulnerable

3: Higher-income air travel & local leisure

4: Transit dabblers for recreation

5: Low-income transit-dependent commuters

6: Low-income transit-dependent youth

7: Millennial ride-hailing commuters

8: High-income “choice” commuters

9: Socioeconomically diverse students

Key



Distribution of Racial/Ethnic Identity
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1: Millennial “choice” commuters

2: Transit-dependent, socioeconomically vulnerable

3: Higher-income air travel & local leisure

4: Transit dabblers for recreation

5: Low-income transit-dependent commuters

6: Low-income transit-dependent youth

7: Millennial ride-hailing commuters

8: High-income “choice” commuters

9: Socioeconomically diverse students

Key



Distribution of Next Preferred Travel Mode
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1: Millennial “choice” commuters

2: Transit-dependent, socioeconomically vulnerable

3: Higher-income air travel & local leisure

4: Transit dabblers for recreation

5: Low-income transit-dependent commuters

6: Low-income transit-dependent youth

7: Millennial ride-hailing commuters

8: High-income “choice” commuters

9: Socioeconomically diverse students

Key



Class membership is not rigid

• Each survey respondent receives a 
probability of belonging to each class

• Respondent assigned to class associated 
with highest probability

• However, the actual value of this highest 
probability varies across respondents

• Multiple memberships / sub-classes
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Illustrating “Fluidity”

Example Cases

Person A:
• Highest probability of 44% for Class 5
• Next highest is 42% for Class 1
• Income is $30,000 to $50,000. No vehicle access. 

Trip purpose for work.

Person B:
• Highest probability of 48% for Class 4
• Next highest is 41% for Class 3
• Income is $30,000 to $50,000. Trip purpose for 

recreation. Infrequent transit user.
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Cool-Down

Exercise
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3 Limitations

• Survey was not specifically 
conducted for this study

• Questions pertain to the individual 
trip they are currently taking

• Pre-COVID: potential shifts in 
ridership characteristics, behaviors, 
and attitudes (not assessed)
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Melancholy (1894), Edvard Munch



3 Takeaways

Several Circles (1926), Wassily Kandinsky



Summary 
Table of
Personas
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Class Name Transit
Frequency

Vehicle 
Access

Age 
Range HH Income Employment

Status
Student 
Status

Race / 
Ethnicity

Trip
Purpose

Alternate
Mode

Millennial “choice” commuters Frequent Yes Millennial Mixed: Lower Yes No Majority
Black Work Car, but no ride hailing

Transit-dependent, 
socioeconomically vulnerable Frequent No Older Low Majority 

No/Retired No Majority
Black

Other/
Medical Transit dependent

Higher-income 
air travel & local leisure Infrequent Yes Mixed:

Lean older High Next highest 
Retired No Majority

White
Other/
Airport Car, more ride hailing

Transit dabblers for recreation Infrequent Mixed:
Lean yes Middle Middle Mostly Yes Mixed:

Some yes Black-White Mix Other Mostly ride hailing

Low-income
transit-dependent commuters Frequent No X-ennial Low Yes No Majority

Black Work Transit dependent

Low-income 
transit-dependent youth Frequent No Younger Low Mostly Yes Mixed:

Even split
Majority
Black

Other/
Work

Transit dependent, 
more ride hailing

Millennial ride-hailing commuters Frequent Mixed:
Even split Middle Middle Yes No Majority

Black Work Ride-hailing

High-income “choice” commuters Frequent Yes Older High Yes No Black-White Mix Work Drive alone

Socioeconomically diverse students Frequent Mixed:
Lean yes Younger Mixed: Even Next highest 

Unemployed Yes Highest
Hisp. & Other

Education/
Work Car, less transit dependent



Reflecting on potential revisions and applications

• What additional data would you like to see 
integrated into customer classification?

• How do you think the personas could be:
• Utilized internally?
• Promoted externally?

• Do you see a personas-based tool working 
as an accountability measure for decision-
makers?

• What are your thoughts on the number and 
composition of classes?

• Do you recognize yourself in any one 
group? What key attributes are being 
overlooked?

• Are there other ridership classes that 
should be explicitly designated?
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https://ideas.itsmarta.com/subdomain/personas-development-rac/end/campaign_overview?qmzn=yGfcCB

https://ideas.itsmarta.com/subdomain/personas-development-rac/end/campaign_overview?qmzn=yGfcCB


Thank You
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