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Analysing the impacts of individual-level factors on public
transport usage during the COVID-19 pandemic: a
comprehensive literature review and meta-analysis
Maximiliano Lizana a,b, Charisma Choudhury a and David Watling a

aInstitute for Transport Studies, University of Leeds, Leeds, UK; bCivil Engineering Department, Universidad
de La Frontera, Temuco, Chile

ABSTRACT
Public transport (PT) usage was severely impacted during the
COVID-19 pandemic, resulting in up to a 90% reduction in many
cities in 2020. Numerous studies have been conducted since then
to determine the relationship between individual-level factors
(such as gender, attitudes, etc.) and the decrease in PT usage
during the pandemic. Despite the evidence provided, findings are
dispersed, and for several factors contradictory, making it
challenging to reach any generalised conclusion. Furthermore, a
comprehensive comparison of the effect sizes among travellers’
factors affecting PT use during this period is yet to be compiled.
This paper aims to address these gaps by systematically
reviewing the existing evidence and synthesising the effect sizes
of travellers’ factors through a meta-analysis. We first identified
36 studies that statistically assessed the contribution of 15
individual-level factors on PT usage during the COVID-19
pandemic. By merging the empirical evidence of those studies,
the direction of the association between those factors and PT
usage was analysed. Then, after selecting comparable studies,
meta-analyses were conducted for each factor to estimate the
corresponding pooled effect sizes. The meta-analysis established
that car availability, teleworking opportunities and high
educational level contributed the most to reducing PT use during
the pandemic. These factors increased the odds of reducing PT
usage compared with the pre-pandemic by about three times.
Factors such as COVID-19 risk perception, gender, high income
and health had a moderate effect on the decision to stop using
PT. PT habits, travel distance and physical accessibility also
influenced PT use during the pandemic. Geographical location
and the pandemic period explained part of the heterogeneity
found. The findings provided in this study can help policy-makers
understand the impacts of travellers’ factors on the decision to
reduce PT usage during future pandemics/epidemics and guide
public policies accordingly.

ARTICLE HISTORY
Received 12 March 2023
Accepted 11 December 2023

KEYWORDS
Public transport demand;
COVID-19; transit; travel
behaviour; meta-analysis;
systematic literature review

© 2023 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License
(http://creativecommons.org/licenses/by-nc-nd/4.0/), which permits non-commercial re-use, distribution, and reproduction in any
medium, provided the original work is properly cited, and is not altered, transformed, or built upon in any way. The terms on which
this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or with their consent.

CONTACT Maximiliano Lizana tsmel@leeds.ac.uk Institute for Transport Studies, University of Leeds, Leeds, UK
Supplemental data for this article can be accessed online at https://doi.org/10.1080/01441647.2023.2295967

TRANSPORT REVIEWS
https://doi.org/10.1080/01441647.2023.2295967

http://crossmark.crossref.org/dialog/?doi=10.1080/01441647.2023.2295967&domain=pdf&date_stamp=2023-12-21
http://orcid.org/0000-0002-4436-6034
http://orcid.org/0000-0002-8886-8976
http://orcid.org/0000-0002-6193-9121
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:tsmel@leeds.ac.uk
https://doi.org/10.1080/01441647.2023.2295967
http://www.tandfonline.com


Introduction

Public transport (PT) usage was severely affected during the COVID-19 pandemic. Its
lowest levels were reached during the outbreak that occurred in the first half of 2020.
In this period, PT demand dropped by up to 80%−90% in cities where stay-at-home
orders were implemented (Gramsch et al., 2022; Teixeira & Lopes, 2020). A characteris-
ation of these changes has been provided for cities of different countries, including the
US (Liu et al., 2020; Wang & Noland, 2021; Xiao et al., 2022), the UK (Vickerman, 2021),
Spain (Fernández Pozo et al., 2022), Germany (Eisenmann et al., 2021), India (Padmakumar
& Patil, 2022), Chile (Lizana et al., 2023), and China (Jiang & Cai, 2022), to name some.1

Even in cities without mandatory restrictions, PT demand experienced drops as high as
60% (Jenelius & Cebecauer, 2020; Mützel & Scheiner, 2022).

Eventually, PT demand started a slow recovery process after governments gradually
removed the most restrictive policies from mid-2020. Figure 1 exemplifies this process,
presenting a four-year monthly variation (2019 to 2022) of the PT demand in 11 PT
systems worldwide. Regarding this recovery process, most evidence indicates that
during 2020 and 2021, PT demand remained substantially below pre-pandemic levels.
For example, it was reported by Qi et al. (2023) that as late as January 2021, PT
demand still exhibited reductions of between 50% and 80% in the 20 cities they analysed
in the US. Gramsch et al. (2022) reported a drop as high as 60% at the end of September
2020 in Chile, a similar relative change to the one reported for Madrid (Fernández Pozo

Figure 1. Relative change in monthly PT demand for several PT systems. Monthly average PT demand
between January and September 2019 was used as a reference (Sources are presented in Table A.2).
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et al., 2022). Furthermore, PT demand continued to be lower than pre-pandemic levels
even in contexts where successful initial counter-measures against the virus were
implemented. Sweden (Jenelius & Cebecauer, 2020), Australia (Beck et al., 2021) and
Taiwan (Mützel & Scheiner, 2022) are some of these cases. Given this generalised
impact on PT usage and the consequential long-lasting effects, there has been a
growing interest in understanding the factors that influenced travellers’ decisions to
reduce their use of PT.

Individual-level factors, which refer to characteristics or attributes that are specific
to each person, have been widely studied to determine their influence on PT usage
during the pandemic (Bansal et al., 2022; Beck et al., 2021; He et al., 2022). This litera-
ture emerged to characterise these relationships, focusing on describing the effects of
individual-level factors such as demographics (El Zein et al., 2022), socioeconomic
status (Jiao & Azimian, 2021), and psychological factors (Downey et al., 2022; Kim
et al., 2021). Despite the abundant evidence, comparisons of the nature of these
relationships have remained limited, and the existing findings are inconclusive and
scattered across many sources. Diverse contexts, different definitions of the travel out-
comes, dissimilar specifications of the individual-level factors, and variable units and
modelling frameworks may be some of the characteristics that have restricted their
comparability. Inconsistent findings between the relationships of individual-level
factors and PT usage have also been reported, making it even more challenging to
establish definitive conclusions. For example, some studies have reported contradic-
tory associations between gender, age and educational level with PT usage during
the pandemic (Almlöf et al., 2021; Jiao & Azimian, 2021; Palm et al., 2021). As a
result, clear conclusions based on consistent and reliable data analysis are yet to be
provided.

Despite the relevance to generating clear conclusions about the effect of individual-
level factors on PT usage, most of the existing literature only provides analysis based
on their effect direction (positive, negative or non-statistically significant), paying less
attention to the comparison of the effect sizes or magnitude of those effects. As
recently has been criticised by Parady and Axhausen (2023), literature in transport fre-
quently focuses its analyses and conclusions on whether the effect of a specific factor
is statistically significant rather than assessing the effect size of that relationship. Based
on this, there is also a necessity for synthesising the effect sizes of the relationships
between individual-level factors and PT usage in the context of the COVID-19 pan-
demic. This paper aims to address these gaps by (1) systematically reviewing studies
that quantitatively assessed the influence of individual-level factors on PT usage
during the COVID-19 pandemic, (2) synthesising the effect sizes for each factor
through a meta-analysis, (3) providing a comparison of the pooled effect sizes
between factors, and (4) analysing the role of moderator variables in the pooled
effect sizes.

The rest of this paper is structured as follows. First, the description of the methodology
used for the systematic review and meta-analysis is provided in Section 2. Section 3 dis-
cusses the relationship between individual-level factors and the modelling perspectives
that characterised individuals’ PT usage during the COVID-19 pandemic. Section 4 pre-
sents the main findings of the estimation and comparison of the pooled effect sizes.
Finally, a discussion is given in Section 5.

TRANSPORT REVIEWS 3



Methodology

Literature review

The contribution of individual-level factors to using PT during the pandemic was system-
atically reviewed and summarised, focussing on quantitative evidence. The review was
conducted following the methodological procedure described by Van Wee and Banister
(2016). First, search terms that include the following strings (“COVID-19” OR “SARS-CoV-2”)
AND (“public transport*” OR “public transit”) AND (“travel behavio*” OR “mobility
pattern*” OR “travel pattern*” OR “demand” OR “usage”) were sought in Scopus and
WOS. The selection criteria included:

. Research papers published from January 2020 to December 2022, which had been
peer-reviewed and written in English.

. Research papers focusing on empirical evidence of the changes in PT demand levels at
a disaggregated level during the COVID-19 pandemic.

. Research papers oriented to quantifying statistically the effect of individual-level
factors on PT usage during the COVID-19 pandemic.

The search generated a total of 448 studies after the removal of duplicates. Manu-
scripts were selected in two stages: screening and full reading. In the screening
process, titles, abstracts and keywords were analysed, resulting in 197 papers. The
excluded studies were found either to be unrelated to travellers’ PT usage or COVID-19.
In the next stage, we excluded those studies where the application of qualitative
methods meant that they did not statistically quantify the effect of any individual-level
factor (such as age, gender or attitudes). Forward snowballing was also implemented,
incorporating four studies by this means. Therefore, after the full-text assessment
based on the inclusion criteria, 36 articles were finally selected for analysis. The literature
review results are presented in Section 3, which synthesises the different perspectives
adopted to study travellers’ PT usage during the COVID-19 pandemic (See Table 1) and
the effect direction (positive or negative) of individual-level factors on them (Table 2).

Meta-analysis

A meta-analysis is a statistical procedure that combines and summarises the results of
multiple studies (Borenstein et al., 2009). In the transport domain, this technique has
been applied mainly in transport economics (Button, 2019). However, examples can
also be found in works that studied the relationships between transport and employment
(Bastiaanssen et al., 2020), the built environment (Laura et al., 2021) and cognitive mech-
anisms (Hoffmann et al., 2017). The typical output of a meta-analysis includes a single
pooled effect size and a confidence interval. As homogeneity in terms of the nature of
the effect sizes is a pre-requisite for conducting any meta-analysis (Hoffmann et al.,
2017), choosing studies based on the samemodelling approach has been shown as a feas-
ible way to deal with this issue (Bastiaanssen et al., 2020). As a result, this consideration led
to the selection in our study of the effect sizes reported for studies using logistic
regression models (LRMs), which included a total of 16 studies. The two main advantages
of this model approach were the similar specification of the individual-level factors across
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Table 1. Summary of the studies that assessed the impacts of individual-level factors on PT usage during the COVID-19 pandemic.

ID Authors Focus Location/ Date COVID-19 Context
Data type/sample

size
Dependent
variable Individual-level factor

Model/model
category

(i) Public transport choice (PTC)
[1] PTC Abdullah

et al.
(2020)

Explore the changes in
mode choice in the
early stage of the
pandemic

Various
countries/May
2020

Depending on the
country

Online survey/1,203
respondents

Mode choice
primary trip
purpose

LOS, travellers’
characteristics

Multinomial logistic
regression/BIN

[2] PTC Abdullah
et al.
(2021)

Explore changes in mode
choices

Lahore, Pakistan/
Oct–Nov 2020

Reopening (after
the end of full/
partial
lockdown)

In-person survey/
1,516 respondents

Choice of use PT
vs. solo travel
modes

Sociodemographics, trip
intensity, safety

Multinomial logistic
regression/BIN

[3] PTC Bansal et al.
(2022)

Investigate the effect of
crowding and
pharmaceutical and
non-pharmaceutical
measures on PT choice

London, UK/
Mar–May 2021

During the
outbreak

Online SP survey/
961 respondents

Travel profile
scenarios

Preventive measures, LOS,
COVID-19 situation,
sociodemographics

Multinomial logit,
latent class and
choice model,
DCM

[4] PTC Basnak
et al.
(2022)

Pandemic effects on
mode choice
considering crowding

Santiago, Chile/
Aug–Oct 2020

Post outbreak Online and field SP
survey/455
respondents

Mode choice LOS, attitudes, preventive
measures

Latent class and
choice model,
Integrated choice
model and latent
variable/DCM

[5] PTC Chen et al.
(2022)

Investigate the role of
preventive measures
on PT use

Netherlands/ Dec
2020 to Jan
2021

Lockdown Online SP survey/
394 respondents

Mode choice by
scenario COVID

COVID-19 situation, LOS,
preventive measures

Latent class and
choice model/
DCM

[6] PTC Cho and
Park
(2021)

Compare crowding
multipliers before and
during the pandemic

Seoul, South
Korea/Oct 2018
& Nov 2020

na Repeated cross
sectional SP,
online & in-person
survey/ 378 and
623 respondents

Travel profile
scenarios

LOS Mixed logit/DCM

[7] PTC Delclos-Alio
et al.
(2022)

Impact of COVID-19 on
tourist PT use

Catalonia, Spain/
Summer of
2019 & 2020

Recovery In-person survey/
1,465 respondents

If PT mode is used COVID-19 situation,
sociodemographics

Bivariate Probit
Model/BIN

[8] PTC Hsieh and
Hsia
(2022)

Study the factors related
to the decision to
choose metro

Kaohsiung,
Taiwan/ First
half of 2020

na In-person SP survey/
235 respondents

Metro profile
scenarios

LOS, preventive
measures,
sociodemographics,
travel habit

Mixed Logit/DCM

[9] PTC Liu et al.
(2022)

Understand travel
behaviour among
adolescent

Guangzhou,
China/Apr 2020

During and after
pandemic peak

In-person survey/
315 respondents

If an individual
travelled by PT

Socioeconomics,
transport-related
attributes, perception

Binomial logistic
regression/BIN

(Continued )
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Table 1. Continued.

ID Authors Focus Location/ Date COVID-19 Context
Data type/sample

size
Dependent
variable Individual-level factor

Model/model
category

[10] PTC Marra et al.
(2022)

Pandemic effects on PT
route choice

Zurich,
Switzerland /
Spring 2019 &
Feb–Jul 2020

Outbreak and
post-outbreak

Repeated cross
section, travel
diary & GPS data
from smartphone
app/48
participants

PT route choice LOS Mixed path size logit
model/DCM

[11] PTC Mashrur
et al.
(2022)

Capture participants’
attitudes towards PT

Greater Toronto
Area, Canada/
Jul 2020

Partial opening
after the first
wave

SP & RP, online
survey/905
respondents

Mode choice by
scenario COVID

LOS, preventive
measures, COVID-19
situation

Multinomial, nested
and mixed logit/
DCM

[12] PTC Mazanec
et al.
(2023)

Understand the mode
transport choice

Czech republic/
May–Jun 2020

After the end full
lockdown

Online survey/1,500
respondents

Mode choice Sociodemographics Multinomial logistic
regression/BIN

[13] PTC Rankavat
et al.
(2023)

Investigate users’
perception of mode
choice

India/Oct 2020 After the first
pandemic peak

Online and in-
person survey/411
respondents

Mode choice for
work trip
purpose

Sociodemographics,
transport-related
attributes, perception

Multinomial logistic
regression/BIN

[14] PTC Ross (2021) Understand the mode
transport choice

Tel Aviv, Israel/
Oct–Dic 2020

After the second
pandemic peak

Online survey/302
respondents

Bus vs. demand-
responsive
transport

Sociodemographics, risk
perception

Binomial logistic
regression/BIN

[15] PTC Shelat et al.
(2022)

Evaluate travellers’
behaviour in PT
networks

Netherlands/
May 2020

Post outbreak.
Many
restrictions are
still in place

Online SP survey /
513 respondents

Travel profile
scenarios

LOS, COVID-19 situation Latent class and
choice model/
DCM

[16] PTC Tan and Ma
(2021)

Study the choice of rail
transit during the
pandemic

China/First
months of 2020

Pandemic
outbreak

Online survey/559
respondents

If an individual
chooses rail
transit

Sociodemographics,
transport-related
attributes, safety

Binomial logistic
regression/BIN

(ii) Public transport usage reduction (PTR)
[17] PTR Almlöf et al.

(2021)
Study of those who
continued travelling by
PT during COVID-19

Stockholm,
Sweden/Feb,
Apr–May & Oct
2020

Recovery Repeated cross
section smart
cards & mobile
app tickets/ 1.8m

If an individual
decreased PT
trips by more
than 90%

Pre-COVID PT use,
@sociodemographics

Binomial logistic
regression/BIN

[18] PTR Das et al.
(2021)

Analyse factors
associated with the
modal shift from PT to
private modes

Several regions of
India/Apr–May
2020

Several phases of
nationwide
lockdown

Online survey/840
respondents

If an individual
shifted from PT
to private mode

Sociodemographics,
transport-related
attributes, safety

Binomial logistic
regression/BIN

[19] PTR Downey
et al.
(2022)

Study the determinants
of changes in PT use

Scotland/Feb
2021

During the
second wave

Online survey/994
respondents

If an individual
plans to make
the same or

Attitudes,
sociodemographics

Bivariate Probit
model/BIN
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more PT trips in
the future

[20] PTR El Zein et al.
(2022)

Explore the factors
influencing PT use
change

Lyon, France/Feb
& Jun 2020

Post 1st wave Online survey/2,298
respondents

If an individual
had lower use of
PT

Sociodemographics,
transport-related
attributes, attitudes

Binomial logistic
regression/BIN

[21] PTR Elias and
Zatmeh-
Kanj
(2021)

Role of risk perception
and hygiene in train
use

Israel/April–May,
Dec 2020

During COVID-19
mobility
restrictions

Online survey/273
respondents

If an individual
stopped
travelling by PT

Transport-related
attributes, attitudes

SEM

[22] PTR He et al.
(2022)

Investigate COVID-19
effect on PT use

US/Sep–Nov
2020

Recovery Online survey/500
respondents

If an individual
stopped or
reduced PT use

Sociodemographics,
transport-related
attributes, health,

Binomial logistic
regression/BIN

[23] PTR Ito and
Kawazoe
(2023)

Analyse factors
influencing modal shift

Toyama, Japan/
Sep 2020

Recovery Online survey/973
respondents

If an individual
changes their
transport mode

Sociodemographics
attitudes

Multinomial logistic
regression/BIN

[24] PTR Jiao and
Azimian
(2021)

Analyse factors
associated with mode
choice during the
second phase

US/Oct 2020 Second pandemic
phase

Online survey/
>10,000
respondents

If an individual
made fewer PT
trips

Sociodemographics,
health status, anxiety

Binomial logistic
regression/BIN

[25] PTR Khadem
Sameni
et al.
(2021)

Understand the factors
associated with the
shift from subway to
other modes

Teheran, Iran/Apr
2021

Second wave
peak and
recovery

Online survey/411
respondents

If an individual
shifted from the
subway to other
modes

Sociodemographics
transport-related
attributes

Binomial logistic
regression/BIN

[26] PTR Palm et al.
(2021)

Investigate the factors
associated with avoid
travelling by PT

Toronto &
Vancouver,
Canada/May
2020

Recovering from
the first wave

Online survey/4,710
respondents

If an individual
stopped
travelling by PT

Sociodemographics,
disability, built-
environment

Binomial logistic
regression/BIN

[27] PTR Soria et al.
(2023)

Study the factors
associated with
abandoning PT use

Chicago, US/Jan–
Feb 2021

Third wave and
recovery

Online survey/5,648
respondents

If an individual
abandon the
use of PT

Socioeconomics,
transport-related
attributes

Binomial logistic
regression/BIN

[28] PTR Zafri et al.
(2023)

Study the change in the
frequency of travel by
PT

Bangladesh/Jul–
Aug 2020

First wave Online survey/804
respondents

If an individual
recovered pre-
COVID PT usage

Socioeconomics,
transport-related
attributes, perceptions

Binomial logistic
regression/BIN

[29] PTR Vallejo-
Borda
et al.
(2022)

Investigate the decision
to shift from PT to other
modes

Several Latin
American
capitals/Sep
2020

Vary depending
on the country

Online survey/3,803
respondents

If an individual
shifted from PT
to another
mode

Attitudes and risk
perception,
sociodemographics

SEM-MIMIC/SEM

(Continued )
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Table 1. Continued.

ID Authors Focus Location/ Date COVID-19 Context
Data type/sample

size
Dependent
variable Individual-level factor

Model/model
category

(iii) Public transport trips (PTT)
[30] PTT Beck et al.

(2021)
Effect of preventive
measures and
crowding on PT use

Australia/Three
different waves
in 2020

Depending of the
wave

Online survey/1,074,
1,457 & 956
respondents

Number of PT
trips

Travellers’ characteristics,
attitudes and perceived
risk

Zero-inflated
poisson
regression/CNT

[31] PTT Kim et al.
(2021)

Effect of perceptions on
PT use

Seoul, South
Korea/Sep–Oct
2020

na Online survey/537
respondents

Frequency of PT
use

Attitudes, perceived risk,
sociodemographics

SEM/CNT

[32] PTT Parker et al.
(2021)

Factors that affect PT
usage intensity

US/Jan–Dec 2020 Outbreak and
recovery

Panel data, GPS &
survey/ 1,267
respondents

Total number of
trips

Sociodemographics, land-
use, COVID-19 situation

Binomial regression/
CNT

[33] PTT Schaefer
et al.
(2021)

Estimate of the reduction
in the use of three PT
modes

Hannover,
Germany/Jun
2020

Post 1st wave,
main
restrictions
lifted

Online survey/
∼3,000
respondents

Reduction in PT
trips, number of
days per month

Sociodemographics,
perceived risk

OLS/CNT

(iv) Public transport – Intention outcomes (PTI)
[34] PTI Aaditya and

Rahul
(2023)

Understanding the
willingness to use
personal modes vs
shared modes

Odisha, India/
Sep–Oct 2021

Main restrictions
relaxed

SP & RP, online & in-
person survey/467
respondents

Willingness to
choose non-
shared modes
and PT

COVID history, attitudes
and risk perception,
preventive measures

Ordered logit/DCM

[35] PTI Zhang et al.
(2021)

Understand the
behavioural intentions
of PT passengers

Tianjin, China/
Feb–Apr 2020

Period under first-
level response

Online survey/983
respondents

Intention to use
the subway
during COVID-
19

Attitudes, customer
satisfaction.

SEM/SEM

[36] PTI Zhao and
Gao
(2022)

Study latent constructs
on PT travel decision

Beijing, China/
Nov 2020

Four-month low-
infection
period.
Preventive
measures still in
place

Online survey/761
respondents

Intention to use
PT

Attitudes and risk
perception,
sociodemographics

SEM-MIMIC/SEM

BIN: model with binary outcome (logistic regression and bivariate Probit); DCM: discrete choice model (multinomial, mixed, latent class or latent variable logit models); CNT: count outcome
models (OLS, negative binomial and Poisson regression) SEM; Structural equations modelling; @: aggregated factor, usually at neighbourhood or city-area levels; LOS: modes’ level of service;
SP: Stated preferences: RP: revealed preferences, na: information not available.
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Table 2. Summary of the effect directions of individual-level factors on the reduction of PT usage during the COVID-19 pandemic.

ID
Gender
(male)

Age
(older
adults)

Race &
ethnicity Education Children

House-
hold
size Income

Car
availa-
bility

Tele-
working

Full-time
employ-
ment

COVID-19
risk

perception
Healthcare
needs

Frequent
PT user

Travel
distance

PT
access
time

[1] PTCm + + ns + –
[2] PTCm + + ns +
[3] PTC +MSK +CRO, –MSK –MVC +CRO +C19, +MSK
[4] PTC –CRO C C
[5] PTC C C C C C
[6] PTC
[7] PTC
[8] PTC ns + + ns ns ns –,+[PM], +[NM]
[9] PTCm + +, ns +, ns + –
[10] PTC
[11] PTC ns + + + +, ns
[12] PTCm + –
[13] PTCm + + + + –
[14] PTCm ns ns
[15] PTC C C C
[16] PTCm – + +
[17] PTR +@ +@ +@ –@ +@ –@ –
[18] PTRm + + + + + + +, ns
[19] PTR ns – + ns, +[PM]
[20] PTRm ns ns +, ns ns +, ns +, ns +, ns –, ns
[21] PTR –
[22] PTRm ns ns –, ns ns ns + + – ns
[23] PTRm ns ns
[24] PTRm + – + + – + + –
[25] PTRm +
[26] PTRm – – –, ns ns + + – + ns –

(Continued )
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Table 2. Continued.

ID
Gender
(male)

Age
(older
adults)

Race &
ethnicity Education Children

House-
hold
size Income

Car
availa-
bility

Tele-
working

Full-time
employ-
ment

COVID-19
risk

perception
Healthcare
needs

Frequent
PT user

Travel
distance

PT
access
time

[27] PTRm – + – + + + – + –
[28] PTRm + + +
[29] PTR – – + – +
[30] PTT – +, – +, – +, – ns, – –, ns
[31] PTT +
[32] PTT
[33] PTT ns, –RISK –,+RISK ns, +RISK + +, +RISK + +
[34] PTI ns + – + +[>PM]
[35] PTI
[36] PTI ns ns ns + ns – –

Footnotes of Table 2. “+”: positive statistically significant association; “-”: negative statistically significant association; “ns’: not statistically significant; significance considered at 0.1; “@”: aggre-
gated specification; “m”: Study included in the meta-analysis; “C”: explaining class-membership; empty space: association not reported/not studied; “[]”: Indicate effect of being a frequent user
of private modes [PM] and [NM] non-motorized modes; the inclusion of the next abbreviations indicates that the association reported is towards that variable; “MSK”: mandatory use of face
mask, “CRO”: crowding on PT modes, “MVC”: massive vaccination; “C19”: COVID-19 new cases, “RISK”: COVID-19 risk perception.
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studies, which increased the number of comparable effect sizes available, and its straight-
forward interpretation of its effect sizes (in terms of odds ratios).

After identifying the studies that had used LRMs, effect sizes (coefficients) of the indi-
vidual-level factors and a measure of their statistical significance (standard errors, p-values
or t-statistics) were compiled. Random-effect models (REMs) were then fit to estimate the
pooled effect size for each individual-level factor. For this, we followed the “gold stan-
dard” in meta-analysis, calculating the weights for each effect size as the inverse of its
squared standard error, assigning the greatest importance to the most precise associ-
ations (Littell et al., 2008). It may be noted that REMs are employed in meta-analysis
when there is both within-study and between-study heterogeneity in the effect sizes
(Bastiaanssen et al., 2020). REMs produce a lower statistical significance and a wider confi-
dence interval (CI) than a fixed-effect model. Consequently, they are widely accepted in
meta-analysis studies as a more conservative modelling approach that leads to more
robust pooled/combined effect sizes (Borenstein et al., 2009). We also took into
account the clustered structure of some associations to avoid bias in the weight of
each effect size, as more than one association/effect size (k) can be provided per study
(N ) for the same factor. Additionally, we included both significant and non-significant
effects in the meta-analysis, as it is known that dropping the latter may increase the
risk of bias in the pooled effect size (Button, 2019). We also tested the influence of the
geographical region and the pandemic period in the pooled effect sizes between studies.

Systematic literature review results

Overview

The systematic review identified 36 studies where the impacts of individual-level factors
on travellers’ PT usage during the COVID-19 pandemic were statistically tested
(see Table 1 for a comprehensive summary). Most existing evidence came from data col-
lected during different periods in 2020 and only a few from later periods (with only six in
the first half of 2021). The studies were mainly conducted in Asia (16), Europe (10) and
North America (6), with a large number concentrated in the US, China, India and the Neth-
erlands. With a few exceptions (Almlöf et al., 2021; Marra et al., 2022), almost all selected
papers relied on online surveys distributed digitally, such as social platforms like Facebook
and Instagram, emails to PT-oriented groups, and links shared by respondents. The
obvious limitations of this approach, as recognised by these studies, concern the overre-
presentation of respondents with internet access and the underrepresentation of PT pas-
sengers without internet. Traditional questionnaires included sections asking for
demographic and socioeconomic characteristics, travel behaviour at the time of the
survey and during the pre-pandemic, and respondents’ perceptions of COVID-19 risk
and associated mitigation strategies. Studies based on both revealed and stated prefer-
ences (SP) may be found among the selected literature. The studies that employed
revealed preferences aimed to quantify the intensity of travellers’ PT usage. When pre-
pandemic PT usage was needed, retrospective information was asked of participants,
which clearly relied on the accuracy of participants’ memories. As many as nine studies
adopted an SP approach. This approach allowed them to generate a dataset of choices
based on different levels of the attributes of the considered modes and to explore
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travellers’ mode choice decisions in hypothetical scenarios. The hypothetical scenarios
included different COVID-19 emergency contexts (in terms of number of new cases,
death toll and vaccination scenarios) (Bansal et al., 2022) and the different virus mitigation
measures (e.g. disinfection in PT buses, social distancing) (Bansal et al., 2022).

PT usage characterisation in individual-level studies

The selected studies characterised the PT usage of travellers during the COVID-19 pan-
demic using different definitions of the dependent variable. Based on the nature of the
dependent variable, four main categories of studies were identified: (i) studies that ana-
lysed the decision to choose PT among the presence of alternative modes (16 studies),
(ii) studies that focused on measuring if travellers reduced the number of PT trips com-
pared with the pre-pandemic (13 studies), (iii) studies that measured the intensity of PT
use by considering the number of trips made by travellers (4 studies), and (iv) studies
that investigated the intention/willingness to use PT (3 studies).

In category (i), mode choice was the main outcome observed (Chen et al., 2022; Das
et al., 2021). In this category, discrete choice models (DCMs) and logistic regressions
(LRMs) were commonly employed. Category (ii) includes outcomes such as whether indi-
viduals reduced their trips made by PT during the pandemic (4 studies), whether they
stopped at all (4 studies) or whether they shifted from PT to an alternative mode
(5 studies). The modelling approach widely adopted in this category was logistic
regression. In category (iii), studies employed modelling approaches for continuous out-
comes such as OLS, binomial and zero-inflated Poisson. Category (iv) shows studies where
ordered outcomes were considered in structural equations modelling under different
behavioural theories (Zhang et al., 2021). Specific details of the specification of the PT
outcome variable and modelling approach are provided in Table 1. As the selected
studies considered different directions to define the PT outcome variables (e.g. to
choose PT vs not choose PT), it was necessary to adopt one direction and transform
(“flip”) the effects found for the definition that employed the opposite one. Therefore,
the adopted consensus was to reflect the effects of individual-level factors on a pro-
reduction view of PT usage during the pandemic. Consequently, the PT usage outcomes
for categories (i) and (ii), for instance, characterise the decision of not choosing PT and
reducing PT trips/shifting from PT to an alternative mode. The same consensus is kept
for the rest of this work to obtain a more straightforward interpretation of the effect of
individual-level factors.

Effect direction of individual-level factors on PT usage

This section summarises the relationships reported in the selected 36 studies between
individual-level factors and the reduction of PT usage in the context of the COVID-19 pan-
demic. A total of 15 different individual-level factors were identified: demographics
(gender, age, race and ethnicity, education, children and household size), socioeconomic
status (income, car availability, teleworking possibilities, and full-time employment), per-
ceived importance to the COVID-19 risk and mitigation strategies, healthcare needs (dis-
ability and poor health) and transport-oriented attributes (pre-COVID frequent PT user,
travel distance, and PT physical accessibility). The analysis of the selected papers also
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identified different approaches used to consider the effect of individual-level factors on PT
usage: (a) direct effects, (b) interaction effects, and (c) explaining class membership, being
the first one (a) the most frequent. A list of these factors and their associated relationships
with PT usage reduction may be found in Table 2.

For the direct effects approach (a), Table 2 highlights the fact that demographic factors
presented heterogeneous effect directions across studies, with a mix of positive, negative
and non-significant effects for the same factor. For instance, in the case of gender, 37% of
the associations indicated that male travellers were more likely to reduce PT use com-
pared to females (Abdullah et al., 2020, 2021; Jiao & Azimian, 2021), whereas 16%
found the opposite effect (Beck et al., 2021; Palm et al., 2021), and 47% found no signifi-
cant relationship (Aaditya & Rahul, 2023). Similarly, only 39% of the studies that reported
results for age showed that older adults were more likely to reduce PT usage (Mashrur
et al., 2022). In the case of race and ethnicity, evidence is also contradictory, with some
associations reporting a positive association (Jiao & Azimian, 2021) and others a negative
one (Soria et al., 2023). Table 2 shows that educational level was positively related to redu-
cing PT use (El Zein et al., 2022), and that household size presents negative effects (the
higher the household size, the lower the reduction in PT use) (Jiao & Azimian, 2021).
The evidence presented for the presence of children at home agrees that this factor
did not cause any significant effect on travellers’ PT use.

Regarding socioeconomic status, the influence of income level, car availability, tele-
working, and full-time employment show more agreement across studies. For income
level, 14 studies (78%) found a positive association between this factor and the reduction
in PT usage (Parker et al., 2021; Schaefer et al., 2021). This result suggests that individuals
of higher income levels were more likely to reduce PT use during the pandemic than tra-
vellers of lower levels. For car availability, ten associations (71% of the reported effects)
presented statistically significant positive relationships (Mazanec et al., 2023; Palm
et al., 2021), while for teleworking, 76% of the associations also found significant positive
effects on the reduction of PT use (Mashrur et al., 2022; Schaefer et al., 2021). Regarding
full-time employment, some studies reported that such travellers tended to use more PT
more often (negative effect) than students, freelancers or the unemployed (Aaditya &
Rahul, 2023; Zhao & Gao, 2022). However, other works found the opposite relationship
(Das et al., 2021).

In order to analyse the influence of COVID-19 risk perception, studies included travel-
lers’ perception of the severity of the virus and the importance they gave to the
implementation of mitigation strategies, such as hygiene/cleanliness, social distancing
and mandatory use-of-face masks (Aaditya & Rahul, 2023; Abdullah et al., 2020; Zhao &
Gao, 2022). The studies tested these variables directly on the PT outcome (specifying
dummies) (El Zein et al., 2022; Palm et al., 2021; Soria et al., 2023) or indirectly following
a latent variable approach based on five-point Likert scale indicators (Abdullah et al., 2020;
Rankavat et al., 2023). As expected, the perception of the severity of the virus and the
importance given to mitigation strategies showed positive correlation when they were
used together to construct a latent variable and showed a positive effect on the reduction
of PT use when specified separately (Abdullah et al., 2020). A total of
17 positive associations (77%) showed that the higher the importance given to the
COVID-19 risk and mitigation strategies among travellers, the higher the reduction in tra-
vellers’ PT use (Basnak et al., 2022; Vallejo-Borda et al., 2022). However, more complex

TRANSPORT REVIEWS 13



psychological mechanisms through which travellers adjusted their behaviour by the
changes in their attitudes and perceptions to use PT were also recognised by Kim et al.
(2021), Zhang et al. (2021) and Vallejo-Borda et al. (2022).

Unexpected effect directions were found for the factors that account for individuals’
healthcare needs. Travellers with a disability and those with poor health showed a posi-
tive association with the use of PT during the pandemic, compared to individuals without
these conditions (He et al., 2022; Jiao & Azimian, 2021; Palm et al., 2021). Potential expla-
nations may be found in this group’s low availability of alternative modes. Significant
effects were also found for transport-related factors such as travel distance (for commut-
ing trips), PT physical accessibility and whether a traveller was a pre-COVID frequent PT
user. The evidence showed that travelling frequently by PT during the pre-pandemic
negatively impacted people’s decision to reduce PT (Palm et al., 2021; Soria et al.,
2023), providing evidence that pre-pandemic mobility habits also played a key role in
the decision of whether to use PT during the pandemic. Regarding travel distance, two
studies reported negative effects (Abdullah et al., 2020; Liu et al., 2022), meaning that
longer travel distances showed a negative association with the reduction in PT use. In
the case of PT physical accessibility, its effect showed that during the pandemic, the
longer the access time to get a PT service, the higher the reduction in PT use (Das
et al., 2021; Tan & Ma, 2021).

More complex influences of individual-level factors were also studied by considering
their role modifying the effects of other variables (category (b), 3 studies) or to account
for taste variation among travellers using a latent class approach (category (c), 3
studies). In the former, travellers’ characteristics such as gender, age, income, educational
level and ethnicity were found to modify the effects of PT crowding (CRO), the number of
COVID-19 cases (C19), the implementation of mandatory face masks (MSK) and the share
of the population vaccinated (MSV) on the choice of PT mode (Bansal et al., 2022; Basnak
et al., 2022). For instance, it was found that female and elderly travellers showed a higher
sensitivity to crowding in PT modes. The mandatory use of face masks in PT modes had a
smaller influence onmale travellers than on females and a relatively greater positive effect
on elderly passengers. Schaefer et al. (2021) also stated that people who worked from
home feared catching the virus more when using PT, highlighting the complex relation-
ship between attitudes and travel behaviour. In the latter category, the role of individual-
level factors was to help define groups of travellers that share a more homogenous per-
ception of disutility in terms of level of service attributes (e.g. travel time, travel cost,
crowding) (Chen et al., 2022; Shelat et al., 2022). In this case, the relationship observed
was the association of an individual to a cluster rather than a direct or interaction
effect. For instance, it was identified in these works that the cluster associated with
female travellers, the elderly and high-income perceived a higher adverse impact of
the time travelled in PT and a higher positive effect of preventive measures such as
social distancing in PT modes.

In conclusion, individual-level factors played various roles regarding how they were
included in a given study. The most frequent approach among them was their specifica-
tion as direct explanatory variables of the changes in travellers’ PT use during the pan-
demic. It was found from the evidence gathered in this approach that for many factors
(e.g. gender, age), the findings revealed contradictory results, making it difficult to estab-
lish clear conclusions. Moreover, as the analysis in this section relied only on the effect
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direction of each association, the relevance in term of the effect size of those effects still
need to be provided.

Meta-analysis results

Preparation

To ensure the comparability of the effect sizes of individual-level factors on PT usage,
studies that employed logistic regression models (LRMs) were chosen. This choice was
made based on the analysis of the 36 selected studies, which showed that the selection
of LRM-based studies provided the potential for the most robust synthesis by offering the
highest number of comparable individual studies compared with other modelling
approaches. LRMs were used as a modelling approach in both of the two main categories
of PT usage studies, namely those to (i) choose/not choose PT and (ii) reduce PT usage.
LRMs have the advantage of involving the specification of individual-level factors as
direct explanatory variables of PT usage (rather than as interaction effects). Another
characteristic of LRMs that facilitated the cross-study comparison is the fact that most
of their factors were specified as dummies, which removes potential difficulties associated
with the measurement units. For instance, income was usually specified as a discrete
number of categories with similar qualitative thresholds across studies (low/mid/high-
income).

An additional advantage of LRMs is that there is a straightforward interpretation of
their coefficients. The exponential value of a coefficient indicates the corresponding vari-
ables’ contribution in terms of its odds ratio. In general, an odds ratio is defined as the ratio
of the probability of the occurrence of an event relative to the probability of the event not
occurring. As LRMs were applied in category outcomes (i) and (ii), the interpretation based
on the odds ratios is defined as the probability of reducing PT trips/choosing an alterna-
tive mode (not PT) relative to the event this not occurring. In the case of category (i)
studies, the alternative modes were car or ride-hailing. An odds ratio higher than one indi-
cates that the factor analysed increases the probability of the event (reducing PT usage/
not choosing PT in our case), while a value lower than one indicates the opposite. If, for
example, the odds ratio associated with a certain dummy variable were 2.0, that would
mean that an individual with that characteristic has two times the probability of experi-
encing the event “reducing PT usage” compared with an individual without that charac-
teristic. Similarly, if an odds ratio is lower than one, let us say 0.5, an individual with that
attribute is half as likely to experience the event “reduction of PT usage” compared to
those without that characteristic. In cases where the PT usage outcome needed to be
transformed to fit the adopted consensus (e.g. from increase to reduction in PT use),
the respective odds ratios were re-estimated by taking their inverse.

Pooled effect sizes

A total of 16 comparable studies that examine the effect of individual-level factors using
LRMs were finally included in the meta-analysis. We performed meta-analyses separately
for the 15 factors shown in Table 2. A standardisation was required to ensure that all the
factors specified as dummy variables shared the same reference categories. The category
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references adopted for the demographic factors in the meta-analysis were: gender (1:
male; 0:female), age (1:>65 years old; 0:first age category level, which frequently
ranged from 18 to 35 years old depending on the study), race and ethnicity (1:Black/His-
panic/Indigenous; 0:White), high-educational level (1:University/college degree, 0:no
degree), children (1:presence of children at home; 0:otherwise) and household size (1:
two or more; 0:otherwise). Similarly, for socioeconomic factors, we defined references
for income (1:high-income level; 0:low-income level), car availability (1:at least one car
owned or available; 0:no car available/owned) and employment (1:full-time employment:
0:student/not employed). Additionally, healthcare needs (1:condition of disability or poor
health; 0:otherwise), travel frequent PT user (1:pre-COVID frequent PT user; 0:otherwise)
and travel distance (1:travel distance longer than 5 km, 0:travel distance shorter than 5
km). In the case of teleworking, several frequency categories were included (1:1–2 days
per week, 3–4 days per week, etc.), considering as a reference category the possibility
of no teleworking. Similarly, the studies specified physical accessibility to PT using
several dummy categories (1:10-20 min, > 20 min, etc.), adopting as reference category
in this work walking times lower than 6.5 min. Finally, the COVID-19 risk perception
factor was measured by specifying dummies and five-point Likert scale variables. In this
case, the interpretation of the odds ratio is then associated with how likely a traveller
was to reduce their PT use during the pandemic by increasing one unit of COVID-19
risk perception. Table A.3 in the Appendix offers a detailed description of the associations
employed for this factor.

For some dummy associations, the reference category was transformed (“flipped”) to
agree with the criteria mentioned previously, i.e. to relate to reductions in PT use. In the
case of two-category dummy variables, the procedure to obtain the transformed odds
ratio is straightforward in LRMs and only involves taking the inverse of the exponential
LRM coefficients, as the magnitude of the standard errors is the same. In the case of mul-
tiple categories, the procedure to estimate the transformed effect size is similar, but the
standard errors need to be re-estimated using, for example, Fieller’s method. Applying the
previously mentioned criteria allowed the generation of comparable effect sizes.

Figure 2 illustrates the synthesised effect sizes (odds ratios) and confidence intervals
(CIs) for the associations of individual-level factors with the reduction of PT usage
across comparable studies based on the previously mentioned random effect models.
Ten pooled effect sizes were found to be statistically significant, four not significant
(older adults, children, household size, and full-time employment), and one close to
being significant (PT physical accessibility). Figure 2 also shows that repeatedly, the CIs
are comparable among the associations within each individual-level factor (i.e. within-
study variability is reasonably constant across studies). However, as the mean of the
pooled effect sizes, represented by the blue diamond, is not contained in all CIs for a
specific factor, a substantial heterogeneity between studies can be seen. In fact, we
found that the statistic I2 indicated the presence of a relevant heterogeneity among
the effect sizes of the studies analysed. As most of the I2 values of the factors meta-ana-
lysed ranged from 60% to 90%, it was possible to infer that the observed differences in
effect sizes in each individual-level factor were due to real differences in the underlying
effect rather than just random variation. This outcome ratified the choice of random
effect models to estimate the pooled effect sizes to handle both within- and between-
study heterogeneity.
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Among the factors meta-analysed, car availability, teleworking and high educational
level were the factors with the largest pooled effect sizes. In the case of car availability,
all the studies consistently reported odds ratios higher than 1, indicating a positive

Figure 2. Effect sizes (odds ratios) of individual-level factors on PT usage reduction during the COVID-
19 pandemic. Blue diamonds represent pooled effects. Confidence intervals at 95%. The vertical line
(value 1) indicates no effect.
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association (+) between car availability and the reduction of PT usage during the pan-
demic. The overall random effect for this factor was equal to an OR+ of 4.17 (CI: 1.84;
9.44, p = <0.001). This result suggests that individuals who owned or had at least one
car available during the pandemic were almost four times more likely to reduce their
PT usage compared with the pre-pandemic than those without this possibility. Similarly,
individuals with the possibility of teleworking were three times more likely to reduce their
PT usage compared to those who did not (OR+= 3.08, CI: 1.46; 6.50, p = 0.003). The next
individual-level factor in terms of magnitude was high educational level. Based on the
pooled effect of this factor (OR+= 2.11, CI: 1.11; 4.01, p = 0.023), we found that travellers
with a university or college degree had odds of reducing PT usage that were about two
times the one of those individuals without one.

A second group of individual-level factors, including gender (male), income, COVID-19
risk perception and healthcare needs, showed a more modest pooled effect size. Those
who identified themselves as male had 20% more chance to reduce PT usage than
those who identified themselves as female (OR+= 1.20, CI: 0.99; 1.45, p = 0.058). Many
authors explain this by the fact that females had fewer transport mode options than
males, alluding to social and cultural aspects (Das et al., 2021). High income presented
similar strength (OR+= 1.33, CI:1.10; 1.61, p = 0.003); individuals with high-income levels
were 33% more likely to decrease PT use than those from the lowest income level. The
combined effect for the risk perception of COVID-19 showed an OR+= 1.32 (CI: 1.18;
1.49, p = <0.001). This implies that those who experienced a higher degree of concern
associated with the severity of the virus were 31%more likely to reduce PT usage. Regard-
ing the healthcare needs factor associated with disability conditions and poor health, the
meta-analysis estimated a pooled OR- = 0.88 (CI: 0.81; 0.96, p = 0.034). This indicates a
negative association between this factor and the reduction of PT use. In particular, the
odds of a person with this condition travelling less by PT were 12% lower than individuals
without it (i.e. suggesting a positive effect with using PT).

For the transport-related factors, the pooled effect of travel distance showed that tra-
vellers with longer travel distances than 5 km were 14% less likely to reduce PT use than
those with shorter distances (OR- = 0.86, CI: 0.80; 0.92, p = <0.001). A negative combined
association was found for the factor pre-COVID frequent PT user (OR- = 0.84, CI: 0.70; 1.01,
p = 0.068). This means frequent pre-pandemic PT users were 16% less likely to travel less
by PT during the pandemic. The pooled effect for PT physical accessibility indicated
a positive relation with PT usage reduction (OR+ = 2.16, CI: 0.82; 5.75, p = 0.121). Conse-
quently, walking more than 6.5 min to access a PT stop increased the probability of redu-
cing PT use almost two times compared to those travellers with shorter access time.

The remaining individual-level factors were those whose pooled effect sizes were not
statistically significant. This occurred because their CIs crossed the threshold of 1, which is
the boundary between an odds ratio defining a positive or negative association between
an explanatory variable and the dependent variable. This means that for those factors, the
heterogeneity among the associations reported in terms of direction and size did not
allow us to establish with statistical certainty whether they were associated positively
or negatively with a reduction in PT usage. This situation was observed for employment,
whose OR-ns = 0.65 (CI: 0.35; 1.19, p = 0.211) indicated that travellers with full-time jobs
were 35% less likely to reduce PT usage than other groups. Another factor with a
similar outcome was older adults (OR+ns = 1.15, CI: 0.80; 1.65, p = 0.447). For this factor,
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even though the pooled effect estimated a positive effect on the reduction of PT usage,
this was not statistically significant. For race and ethnicity, the combined effect showed an
OR-ns of 0.80 (CI: 0.48; 1.32, p = 0.376), meaning that someone who belongs to one of
these categories was 20% less likely to reduce PT use compared with white individuals.
The pooled effect size of the presence of children at home (OR+ns = 1.01, CI: 0.95; 1.06,
p = 0.828), and household size (OR+ns= 0.91, CI: 0.75, p = 0.342) were also not significant,
as their pooled effects were located very close to 1, indicating no effect on PT usage
reduction.

Subgroup and influence analyses

To account for different research contexts and the category of the dependent variable spe-
cification, we applied a subgroup analysis, which allows us to determine whether the
inclusion of moderator variables can explain that some associations produce lower or
higher odds ratios than others (Laura et al., 2021). Two hypotheses that were defined a
priori were tested: there are statistically significant differences in the pooled effect sizes
depending on (H1) the geographical region of the study and (H2) the period of the pan-
demic when the surveys were delivered. In order to investigate H1 and H2, two dummy
moderators were statistically tested. For the definition of the region, effect sizes were
grouped into geographical areas, namely the Asia region and the North America/Europe
(NA/EUR) region. For the pandemic period, two groups were defined, considering that
most of the studies were conducted between March 2020 and April 2021. We decided
to define one group as those studies conducted by surveys delivered between March
and August 2020 (representing the outbreak and the first recovery process) and the
second group with data from September 2020 to April 2021 (associated with later
waves and lower mobility restrictions). Additionally to the two hypotheses presented,
we also analysed differences among the pooled effect sizes depending on the category
of the PT outcome employed in the studies (PTC vs PTR) and the metric types used in
specific factors. Related to the latter, we tested for the factor COVID-19 risk perception,
whether its different specifications (dummy vs Likert) generated dissimilar pooled effect
sizes. In addition, an influence analysis was performed to assess the effect of excluding
associations whose values differed substantially from the overall effect. This analysis
allows us to observe the sensitivity in the pooled effect sizes to certain studies, enabling
further analysis of the robustness of the results. The identification of outliers was con-
ducted iteratively for each factor until all CIs of each association overlapped with the confi-
dence interval of the pooled effect. Nonetheless, as excluding outliers may lead to biased
results in meta-analyses, it is recommended to use its outcomes cautiously (Borenstein
et al., 2009). Table 3 presents the results for the subgroup and influence analyses.

The results shown in Table 3 indicate that (H1) the geographical region successfully
accounted for variation in the observed effect sizes, while (H2) the pandemic period
was found to be significant only for one factor. Statistically significant differences were
found between the pooled effect sizes of gender (p = <0.001), older adults (p = 0.102),
educational level (p = 0.004) and full-time employment (p = 0.033) of the Asian and NA/
EUR regions. In particular, it was found that factors such as gender and age have
almost no impact in explaining the reduction in PT use in studies conducted in the NA/
EUR region (OR-ns = 0.94, p = 0.473 and OR-ns = 0.91, p = 0.708). In contrast, for the Asia
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Table 3. Subgroup and influence analyses for the effect sizes of individual-level factors on PT
reduction during the COVID-19 pandemic.
Moderator Subgroup N k Oddsratio Δ 95% CI p-value I2(%) p-value subgroup

Gender (male) 12 14 1.20 0.99; 1.45 .058 80
Location Asia 6 1.51 + 1.25; 1.83 <.001 27 <.001***

NA/EUR 8 0.94 – 0.79; 1.11 .473 78
Period >Sep 2020 7 1.29 ns 0.92; 1.56 .172 80 .945

Feb-Aug 2020 7 1.22 ns 0.88; 1.67 .226 82
PT outcome PTC 6 1.50 + 1.18; 1.92 <.001 24 .011***

PTR 8 1.01 ns 0.84; 1.22 .869 79
Outliers exc. 10 12 1.32 1.11; 1.55 .011 71

Older adults 8 9 1.15 0.80; 1.65 .448 83
Location Asia 3 1.68 + 0.94; 3.02 .077 85 .102*

NA/EUR 6 0.91 – 0.59; 1.42 .708 82
Period >Sep 2020 4 0.99 ns 0.52; 1.89 .980 66 .549

Feb-Aug 2020 5 1.28 ns 0.76; 2.14 .340 88
Outliers exc. 7 8 1.02 0.77; 1.34 .886 79

Race and ethnicity 4 11 0.80 0.48; 1.32 .376 87
Outliers exc. 3 10 0.645 0.44; 0.94 .021 81

Educational level 3 8 2.11 1.11; 4.01 .023 87
Location Asia 3 4.22 + 2.27; 7.84 <.001 16 .004***

NA/EUR 5 1.51 – 1.09; 2.08 .014 82
Period >Sep 2020 6 2.48 ns 0.91; 6.81 .077 89 .600

Feb-Aug 2020 2 1.55 ns 0.36; 6.29 .554 70
Outliers exc. 2 5 2.55 0.94; 6.92 .064 77

Children at home 2 3 1.01 0.95; 1.07 .828 54
Household size 3 3 0.91 0.75; 1.11 .342 80
High Income 10 11 1.33 1.10; 1.61 .003 75
Location Asia 7 1.40 ns 1.03; 1.90 .031 23 .721

NA/EUR 4 1.30 ns 0.99; 1.69 .053 87
Period >Sep 2020 6 1.38 ns 1.07; 1.78 .013 83 .720

Feb-Aug 2020 5 1.28 ns 0.93; 1.75 .123 60
PT outcome PTC 4 1.13 ns 0.74; 1.72 .55 11 .357

PTR 7 1.41 ns 1.12; 1.79 .003 83
Outliers exc. 9 10 1.26 1.05; 1.51 .012 67

Car availability 8 13 4.17 1.84; 9.44 <.001 93
Location Asia 4 5.30 ns 1.28; 10.90 .022 95 .681

NA/EUR 9 3.63 ns 1.21; 10.90 .021 92
Period >Sep 2020 3 3.68 ns 0.82; 16.53 .089 28 .928

Feb-Aug 2020 10 4.46 ns 1.52; 13.11 .006 94
PT outcome PTC 5 8.32 + 3.13; 22.15 <.001 97 .047***

PTR 8 2.05 – 0.77; 5.44 .119 63
Outliers exc. 5 10 1.78 1.39; 2.28 <.001 66

Teleworking 3 8 3.09 1.47; 6.50 .003 90
Outliers exc. 2 7 2.33 1.57; 3.46 <.001 55

Full-time employment 6 6 0.65 0.33; 1.28 .211 89
Location Asia 3 1.14 + 0.41; 3.14 .797 82 .033***

NA/EUR 3 0.37 - 0.32; 0.44 <.001 4
COVID-19 risk perception 10 17 1.32 1.17; 1.49 <.001 72
Location Asia 10 1.37 ns 1.18; 1.58 <.001 4 .586

NA/EUR 7 1.28 ns 1.07; 1.48 .011 78
Period >Sep 2020 6 1.38 ns 1.11; 1.72 <.001 84 .723

Feb-Aug 2020 11 1.31 ns 1.11; 1.54 <.001 33
Specification Dummy 9 1.32 ns 1.10; 1.51 .004 75 .904

LV-Likert 8 1.34 ns 1.15; 1.56 <.001 4
PT outcome PTC 6 1.33 ns 1.09; 1.63 <.001 17 .994

PTR 11 1.33 ns 1.12; 1.58 <.001 75
Outliers exc. 9 16 1.26 1.20; 1.54 <.001 51

Healthcare needs 3 3 0.88 0.81; 0.96 .003 61
Pre-COVID frequent PT user 4 9 0.84 0.70; 1.01 .068 59
Period >Sep 2020 4 0.94 + 0.82; 1.07 .373 38 .005***

Feb–Aug 2020 5 0.71 – 0.62; 0.82 <.001 11
Travel distance 2 3 0.86 0.80; 0.92 <.001 33

(Continued )
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region, the same factors increased by almost 50% the chance that a traveller reduced their
PT use (OR+= 1.51, p = <0.001 and OR+= 1.68, p = 0.077). The difference observed was
even higher when the educational level was analysed (OR+= 4.22, p = <0.001 for the
Asian region and OR+= 1.51, p = 0.014 for the NA/EUR region). Cultural and social differ-
ences between the regions analysed may explain these dissimilarities. Regarding the pan-
demic periods, we found differences statistically significant only for the effect sizes of the
factor pre-COVID frequent PT user. In particular, the result showed that during the first
period of the pandemic being a pre-COVID frequent PT user was irrelevant to explain
the decision of travelling by PT (OR-ns = 0.94, p = 0.373). However, this changed during
the second period, where those who were regular users of PT showed 41% more
chances to travel by PT, than those who were not (OR- = 0.71, p = <0.001).

Regarding the role of the type of the modelling PT outcome in the effect sizes, the
results showed significant differences only for gender and car availability. It was observed
for gender that this factor was only relevant among PTC studies (OR+ = 1.50 vs.
OR+ns = 1.01). In the case of car availability, despite its effect was significant for both
approaches (PTC and PTR studies), it was significantly higher for the former (OR+ = 8.32
vs. OR+ = 2.05). These results suggest that gender and car availability had more relevance
in models where the dependent variable was specified as the decision of choosing/not
choosing PT during the COVID-19 pandemic. We also tested for potential differences in
the effect sizes of the factor COVID-19 risk perception, as for this factor the effect sizes
of dummy and ordinal variables were retrieved. However, the subgroup analysis
showed no significant dissimilarity (p = 0.704).

In the influence analysis, the exclusion of outliers generated three main outcomes:
some factors increased their consistency becoming statistically significant, some
reduced substantially their effect size, and others did not show a relevant difference.
Among the factors that became significant were race and ethnicity, and PT physical acces-
sibility. The analysis showed that for PT physical accessibility (which original OR and
p-value were 2.16 and 0.121, respectively), the exclusion of its most extreme effect size
(OR = 8.0) caused a more consistent pooled effect (OR+= 1.55, CI: 1.03; 2.33, p = 0.038).
Similarly, for race and ethnicity, the exclusion of the effect size provided by Jiao and
Azimian (2021) (OR = 1.2) resulted in this factor becoming statistically significant (OR- =
0.65, CI: 0.44; 0.94, p = 0.021). The most substantial change in terms of effect size was
observed for car availability and teleworking, which decreased the magnitude of their
effect from 4.2 to 1.8, and 3.1 to 2.3, respectively.

Discussion

To our knowledge, the review reported here is the first study to provide a comprehensive
review of the effects of individual-level factors on public transport (PT) usage during the

Table 3. Continued.
Moderator Subgroup N k Oddsratio Δ 95% CI p-value I2(%) p-value subgroup

PT physical accessibility 2 7 2.17 0.82; 5.75 .121 35
Outliers exc. 2 6 1.54 1.02; 2.33 .038 30

Δ: Indicate whether the difference was statistically significant (“+”: positive, “-”: negative, “ns’: non-significant). Only
factors with a minimum of N = 2 and k = 3 per subgroup were included in the analysis.“exc”: excluded.
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COVID-19 pandemic. We conducted such a comparison by systematically reviewing the
existing evidence and performing a meta-analysis of the effect sizes of the individual-
level factors across comparable studies. The systematic review identified 36 relevant
studies executed between 2020 and 2021, of which 16 generated data that could be ana-
lysed through a meta-analysis. By choosing comparable studies and factor specifications
for the meta-analysis, we were able to compare the factors’ pooled effect sizes. Our study
complements early works presented in the light of the pandemic (De Vos, 2020; Gkiotsa-
litis & Cats, 2020; Tirachini & Cats, 2020), by being the first to quantitatively summarise the
impacts of individual-level factors on people’s PT usage and to offer a comprehensive
comparison between them.

The systematic review found that individual-level factors exhibited heterogeneous
levels of consistency in terms of the effect direction reported across studies. Regarding
this, two main groups of individual-level factors were observed. Factors such as car avail-
ability, teleworking, high-level income, high educational level and COVID-19 risk percep-
tion showed consistent positive associations with the reduction of PT use compared with
the pre-pandemic across studies. On the other hand, ambiguous effect directions were
found for factors such as gender (male), age (older adults), race and ethnicity, and employ-
ment. For these inconclusive effects, the mean of the pooled effect size and their confi-
dence interval helped to determine their effect directions statistically. We obtained,
then, that males and older adults were factors positively related to the reduction of PT
usage, while employment (full-time) showed a negative association. However, of them,
only the pooled effect of gender was statistically significant. We also found that contex-
tual factors such as the region where studies were conducted and the pandemic period
helped to understand factors’ effect differences. In particular, when controlling for region
(North America/Europe vs. the Asia region), we found that the effects of gender and age
were only statistically significant for studies conducted in the latter group. Cultural and
social differences may explain these differences. The findings of this study can help us
understand specific population groups’ restrictions and needs during pandemics/epi-
demics. The results highlight the relevance of inequality associated with the use of PT
during the COVID-19 pandemic by some of the more vulnerable population segments:
women, older adults, people with healthcare needs, those without the possibility of tele-
working and those who travel longer distances. From a social point of view, public trans-
port authorities should consider the needs of these population segments when deciding
to adjust service levels in the event of a pandemic (DeWeese et al., 2020).

Notable differences in the effect size of each factor in reducing travellers’ probability of
using PT during the pandemic were also found. Unexpectedly, the meta-analysis revealed
that people’s car availability was the factor with the highest negative effect on the use of
PT during the pandemic. Its pooled effect revealed that individuals with at least one car
available were four times more likely to reduce their PT use during the pandemic than
those without that possibility. Similarly, the possibility given to some individuals to
work from home increased their odds of reducing PT trips by about three times compared
to those without teleworking availability. A more modest effect on PT usage was observed
for the other individual-level factors. Factors such as gender, high income level, and
COVID-19 risk perception only increased the odds of travelling less by PT by no more
than 30%. The meta-analysis also revealed that with the available evidence, it was not
possible to generate reliable pooled effects for factors such as age and employment
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because of the high inconsistency of their effects. The substantial difference observed in
this study among the impact of travellers’ associated factors on PT usage highlights the
need in the transport domain for not only discussing effect directions, but also comparing
effect sizes (Parady & Axhausen, 2023).

How much of the effects observed in this review associated with the reduction in PT
usage are still present today seems a relevant interrogation to addressing policies to
encourage PT use. How many of those who shifted from PT to private modes have
returned and how these processes can be supported remains to be seen. Habits and
attitudes developed by travellers during the pandemic on alternative modes to PT
may also play a key role next (Hoffmann et al., 2017). Additionally, the impact of new
trends and technologies related to electro-mobility, such as EVs, e-bikes and e-scooters
(Reck et al., 2022), and autonomous vehicles on travellers’ mode choice decisions has
only started to be assessed (Yuen et al., 2022). In this scenario, where the possibility
of teleworking and online shopping have also been established, it seems unlikely
there will be a complete recovery of individual PT usage for everyone. Therefore,
growing subsidies to PT systems may be required to keep fare prizes at bay, avoiding
increasing existing inequalities on already vulnerable population segments, which PT
usage has demonstrated to be less adaptable, even in the most severe circumstances
like the COVID-19 pandemic.

Note

1. A summary of studies where the impacts of PT demand on aggregated PT demand was
characterised is provided in the supplementary material.
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