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Abstract

Special events, such as festivals, parades, and protests, can cause sudden surges
or disruptions in travel demand, thereby placing stress on transportation sys-
tems. As shared micromobility becomes an increasingly important part of urban
transportation, understanding how these events affect its ridership is crucial for
ensuring safety, efficiency, and sustainability. In this study, we investigate the
causal impacts of various event types by applying Double Machine Learning
(DML) to high-resolution shared micromobility trip data (e-bikes and e-scooters)
and multi-source event records in Washington, D.C. These events include
government-authorized large events, independently organized small events, and
government-registered protests. Our results show that many events have far
stronger actual influences on shared micromobility than correlational analysis
suggests, as confounding factors can mask their actual impact. For instance,
festivals show four to seven times greater impact under causal estimation. We
also find that the increase in gas prices suppresses discretionary travel, result-
ing in reduced shared micromobility usage during events. Another key insight
is the different demand mechanisms: large events interact with temporal and
built environment features to boost ridership, whereas small events are primar-
ily influenced by temporal features, such as event duration and weather, with
little influence from infrastructure factors. These findings highlight the need for
tailored policies, including infrastructure investment for large events and oper-
ational incentives for smaller ones. This research provides a causal foundation
for urban mobility planning, supporting the development of more resilient and
efficient transportation systems in event-dense urban areas.
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1 Introduction

Shared micromobility has become an important piece of the urban transportation
ecosystem, enhancing first- and last-mile connectivity while reducing emissions, noise,
and fuel consumption (Gössling, 2020; Nikiforiadis et al., 2021; Shaheen, 2016). As
its adoption speeds up worldwide, understanding when and why demand increases or
decreases is important not only for researchers but also for operators and city offi-
cials (Hosseinzadeh, Algomaiah, Kluger, & Li, 2021b; Marsden & Docherty, 2013;
Reck, Haitao, Guidon, & Axhausen, 2021). Past studies have linked many temporal
and environmental factors to shared micromobility usage (Bai & Jiao, 2020; Elmash-
hara, Silva, Sá, Carvalho, & Rezazadeh, 2022; Hosseinzadeh, Algomaiah, Kluger, & Li,
2021a), but shifts driven by specific events remain less studied despite their practical
significance (Younes, Nasri, Baiocchi, & Zhang, 2019; Zhu et al., 2017). Understanding
the causal impacts of these events on micromobility usage will enhance user satis-
faction, optimize system efficiency, and inform strategic transportation planning for
safety and sustainability (Rodrigues, Markou, & Pereira, 2019).

In this study, we define special events as planned, scheduled public activities
whose time, location, and duration are known in advance and that are exogenous to
the shared micromobility system. Such events, including sports, festivals, concerts,
parades, and protests, represent persistent yet under-examined challenges in trans-
portation planning. This aligns with standard transportation operations terminology,
where planned special events are public activities that can significantly impact nor-
mal network operations due to increased demand or decreased capacity (Dunn, 2007;
Latoski et al., 2003). In contrast, non-special events in our context refer to ordi-
nary days without an identified event. Unplanned incidents (e.g., crashes, weather
disruptions, service outages/strikes) that are not scheduled fall outside our current
scope as well. Accordingly, our analysis encompasses both planned and exogenous
events (large permitted events, independently organized small events, and government-
registered protests) and excludes unplanned disruptions (Dong, Ding, Wu, & Li,
2025; Fuller, Sahlqvist, Cummins, & Ogilvie, 2012) and endogenous shocks (C.-C. Lu,
2016; Manout, Diallo, & Gloriot, 2024) originating within the micromobility system
(e.g., pricing changes, geofencing, and fleet reallocations) or stemming from policy
interventions (Braun et al., 2016) enacted by the operator or regulator.

While conventional traffic models effectively capture recurrent patterns linked to
habitual behaviors (Hafezi, Liu, & Millward, 2019; Moreira-Matias, Gama, Ferreira,
Mendes-Moreira, & Damas, 2013; Pel, Bliemer, & Hoogendoorn, 2012), they struggle
with accurately predicting disruptions caused by special events (Markou, Kaiser, &
Pereira, 2019). Apart from global mega-events such as the Olympic Games or the
World Cup (Currie & Shalaby, 2012; Kassens, 2009), city-scale events often receive
minimal analytical attention despite their substantial impacts on overloaded transit
networks, unpredictable modal shifts, and widespread travel disruption (Cottrill et al.,
2017).

Two main challenges have limited research into the effects of events on micromo-
bility. First, collecting a comprehensive, time-specific record of events across various
venues and neighbourhoods is labor-intensive (Pereira, Rodrigues, & Ben-Akiva, 2015;
Rashidi, Abbasi, Maghrebi, Hasan, & Waller, 2017). Second, separating an event’s
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true causal impact from confounding influences is difficult, given co-occurring weather
anomalies, concurrent events, seasonal trends, and infrastructure issues. The first chal-
lenge can now be addressed through the proliferation of internet data sources (e.g.,
online calendars, social media, news archives), enabling systematic event data collec-
tion (Rashidi et al., 2017). The second could be handled by robust causal inference
methods to disentangle event-specific effects (Gangl, 2010; Yumin et al., 2021). These
challenges are not unique to shared micromobility; they occur across various travel
modes and are often amplified during unplanned disruptions. Concurrently, causal
studies in transit have examined event- or disruption-driven impacts using DML
designs (Huber, Meier, & Wallimann, 2022; Zhang, Wang, Fan, Song, & Shibasaki,
2024). In this study, micromobility functions as a measurement tool rather than the
source of the problems. Its quick responsiveness (short booking horizons), flexibility
(near-venue parking and geofenced operations), and detailed spatial coverage (dense
station/zone networks) make it ideal for detecting localized, time-sensitive demand
shifts around events. We focus on planned exogenous special events, where the timing
and location are known in advance, allowing for clear treatment definition and cred-
ible counterfactuals. Notably, our approach is mode-neutral and applicable to other
modes when data support similar levels of detail.

Washington, D.C. (DC), the capital of the United States, is a vibrant city with
a rich civic and cultural calendar (Smith, 2008). We choose DC because it provides
detailed micromobility data, frequent planned–exogenous events, and transporta-
tion management emphasis. Each year, it hosts hundreds of citywide special events
and countless neighbourhood gatherings. A systematic understanding of their trans-
portation impacts is important to furthering DC’s sustainable transportation efforts.
Accordingly, this study compiles three complementary event datasets for 2023-2024:
(1) government-authorized large events, (2) independently organized small events,
and (3) government-registered protests. We then link these data to 9.5 million high-
resolution e-bike and e-scooter trip records. Then, the causal effects of each event
category and its subcategories are estimated using state-of-the-art causal inference
techniques on the micromobility ridership data. Event impacts are inherently spatial:
venues create localized, short-term demand spikes and temporary supply or availabil-
ity constraints that fade with distance. In this study, we analyze micromobility activity
around event venues and summarize effects within set proximity zones, making these
spatial patterns clear while maintaining transparency. Lastly, the causal findings are
then set against the correlational results for comparison. More specifically, this work
addresses the following four research questions (RQ):

RQ1 Correlational change in trip volumes: What is the statistical association
between the occurrence of special events and shared micromobility trip volumes?
Furthermore, how do these associations vary across di�erent event categories and
their respective subcategories? To address this question, we employ a paired t-test
to compare trip volumes during events with those during chosen control periods.

RQ2 Causal e�ect and comparison to correlation: After controlling for covariates,
what is the average causal e�ect of each event category on shared micromobility trip
volumes? How do these causal e�ects vary across event subcategories, and how do
they di�er from the correlational relationships identi�ed in RQ1? Here we estimate
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the average treatment e�ect (ATE) for each event category and subcategory using
Double Machine Learning (DML) with cross-�tting, which orthogonalizes high-
dimensional covariates, producing unbiased causal estimates. We then compare the
causation results with the correlations.

RQ3 Contrasting associational and causal in
uences of key variables during
events: Which variables exhibit the strongest association with micromobility trip
volumes during events? How do the in
uences of these variables di�er when esti-
mated through a causal model versus a correlational one? To address these points,
we identify the top features using a LightGBM model and SHAP value analysis,
then quantify their in
uence using both negative-binomial Generalized Linear Model
(GLM) (association) and DML models (causation).

RQ4 Heterogeneous causal e�ects within subcategories: To what extent do the
signi�cant variables causally a�ect micromobility usage when a speci�c subcate-
gory of event is taking place? Here, we estimate conditional average treatment
e�ects (CATE) for the signi�cant variables by limiting the sample to event-period
observations and employing DML to each variable in turn.

2 Related work

2.1 Factors In
uencing Shared Micromobility Usage

Shared micromobility (e-scooters, e-bikes) ridership is shaped by temporal, environ-
mental, built-environment, and sociodemographic factors (Ahillen, Mateo-Babiano,
& Corcoran, 2016; El-Assi, Salah Mahmoud, & Nurul Habib, 2017; Scott & Ciuro,
2019; K. Wang, Akar, & Chen, 2018). Temporal patterns show higher ridership during
peak hours (Noland, Smart, & Guo, 2019; Shen, Zhang, & Zhao, 2018), and on week-
ends (Noland, Smart, & Guo, 2016). Warmer temperatures and moderate humidity
boost ridership (Gebhart & Noland, 2014; Heaney, Carri�on, Burkart, Lesk, & Jack,
2019; Reck, Martin, & Axhausen, 2022), whereas adverse weather conditions (e.g.,
rain, snow, extreme temperatures) suppress demand (An, Zahnow, Pojani, & Corco-
ran, 2019; Corcoran, Li, Rohde, Charles-Edwards, & Mateo-Babiano, 2014; Mattson
& Godavarthy, 2017; Noland, 2021). Gasoline prices have a positive and signi�cant
correlation with micromobility ridership and duration (P. He, Zou, Zhang, & Baiocchi,
2020).

Built environment features also critically in
uence micromobility ridership (Huo
et al., 2021; Noland et al., 2019). Infrastructure elements such as bike lanes (Buck
& Buehler, 2012; Y. Sun, Mobasheri, Hu, & Wang, 2017; Zou, Younes, Erdo�gan, &
Wu, 2020), high intersection density (H. Yang et al., 2022), and proximity to transit
stations (Lin, Weng, Liang, Alivanistos, & Ma, 2020; Tran, Ovtracht, & d'Arcier,
2015; Yan et al., 2021) signi�cantly boost usage. And points of interest (POIs) like
bars, restaurants, retail hubs, and recreational venues further attract trips (Faghih-
Imani, Eluru, & Paleti, 2017; Y. He, Song, Liu, & Sze, 2019; X. Ma et al., 2020; Maas,
Attard, & Caruana, 2020; R. Wang, Lu, Wu, Liu, & Yao, 2020). Distance to other bike
share stations also in
uences dockless e-scooter and e-bike usage (X. Wang, Lindsey,
Schoner, & Harrison, 2016).
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Certain sociodemographic features lead to higher usage, such as younger popula-
tions (Abouelela, Al Haddad, & Antoniou, 2021; Laa & Leth, 2020), areas with lower
car ownership (G•unay, D•undar, & Dilek�ci, 2025; Younes & Baiocchi, 2023), and higher
job density (Jin & Sui, 2024). Dockless micromobility systems also show clear links
to gender (Campisi, Skoufas, Kaltsidis, & Basbas, 2021; Cubells, Miralles-Guasch, &
Marquet, 2023), race (Aman, Zakhem, & Smith-Colin, 2021; Sanders, Branion-Calles,
& Nelson, 2020), and income (Delbosc & Thigpen, 2024; Lee, Baek, Chung, & Kim,
2021). Despite extensive work on recurrent patterns, interactions between these factors
remain underexplored, especially during special events.

2.2 Special Events' Impact on Shared Micromobility

While special events disrupt conventional travel patterns, only a few studies have
examined their impact on micromobility systems. Existing research primarily exam-
ines how bikeshare ridership responds to public transit disruptions (Zhu et al., 2017).
For example, Fuller et al. (2012) documented ridership surges in London's bikeshare
systems during transit strikes. Saberi, Ghamami, Gu, Shojaei, and Fishman (2018)
found that bikeshare ridership increases during that time of disruption by up to 88%.
Similarly, Younes et al. (2019) analyzed spatial-temporal ridership shifts in DC's bike-
share network during three rail closures (7-25 days each), comparing activity one week
pre-disruption, one year prior, and post-disruption. Concurrently, Kaviti, Venigalla,
Zhu, Lucas, and Brodie (2018) attributed ridership and revenue increases at Capital
Bikeshare to the single-trip fare implemented alongside transit service interruptions
in DC.

To the best of our knowledge, limited scholarship has explored the e�ects of
holidays and special events on micromobility (Corcoran et al., 2014). In Louisville,
Hosseinzadeh, Karimpour, and Kluger (2021) identi�ed a 15% increase in e-scooter
trips during holidays and special events, an e�ect not observed with station-based bike-
share. This indicates that people prefer the 
exibility of dockless e-scooters for special
occasions. In DC, Younes, Zou, Wu, and Baiocchi (2020) further demonstrated neg-
ative impacts on scooter usage during the 2019 government shutdown but signi�cant
positive demand during the National Cherry Blossom Festival for both scooters and
docked bikeshare systems. However, current research depends on correlational meth-
ods, making it vulnerable to confounding factors, which restrict conclusions about
causality.

2.3 Causal Inference in Transportation & Shared
Micromobility

Accurately estimating causal e�ects from observational data is a central challenge
in transportation research, primarily due to the presence of confounding variables
that in
uence both the treatment and outcome. Traditional methods, such as linear
regression or propensity score matching, struggle with high-dimensional, nonlinear
data and often rely on strong, untestable assumptions (Y. Wang, Yu, & Song, 2024).
DML emerged as a robust framework to address these limitations (Chernozhukov et
al., 2018). DML leverages the predictive power of machine learning (ML) within a
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staged modeling approach to overcome the weaknesses of general ML models and
deliver unbiased causal estimates (S. Yang et al., 2025).

The rapidly expanding application of DML in the broad transportation �eld moves
beyond correlations to provide robust causal evidence on how environments, policies,
and events a�ect travel behavior. First, a prominent application involves studying
the relationship between the built environment and travel behavior while consider-
ing residential self-selection (RSS). For instance, Ding et al. (2024) applied DML
with gradient boosting machines to quantify the RSS e�ect on driving distance in
Jinan, China. Similarly, Nachtigall, Wagner, Berrill, and Creutzig (2025) used DML to
capture nonlinearities in RSS and estimate spatially explicit e�ects of the built envi-
ronment on transport CO2 emissions. S. Yang et al. (2025) and Yin, Gui, Xu, Shao,
and Wang (2025) also adopted DML to clarify the endogenous relationships between
car ownership, vehicle kilometers traveled, and mode choice in Chinese cities. Second,
beyond built environment studies, DML has been utilized to evaluate the impacts of
policies. Huber et al. (2022) estimated how ticket discounts by Swiss Federal Rail-
ways shifted travel away from peak periods. J. Ma, Dong, Huang, Mietchen, and Li
(2022) and Zhang et al. (2024) introduced causal inference to assess the e�ectiveness
of COVID-19 policies on outbreak dynamics across U.S. counties. Third, DML has
also been applied to quantify the impacts of extreme weather on transportation. C. Li,
Liu, and Yang (2024) estimated the causal e�ect of �ne-grained meteorological varia-
tions on tra�c 
ow and speed in California. Zhiwen, Wang, Fan, Shibasaki, and Song
(2023) developed a neural network-based causal inference framework to estimate the
continuous e�ects of typhoons on human mobility in Japan. X. Yang et al. (2025)
later extended this approach to analyze the causal impacts of diverse public events,
including typhoons, �reworks, and earthquakes, on mobility patterns.

However, causal analysis in shared micromobility is limited, especially for applica-
tions of DML. A prominent study employed matching methods and regression analysis
to establish the causal e�ect of low income on the reduction of dockless e-scooter usage
(Frias-Martinez, Sloate, Manglunia, & Wu, 2021). Only one study implemented DML
in the context of bike-sharing. Y. Wang et al. (2024) aim to evaluate how Shang-
hai's socioeconomic and geospatial factors in
uence self-looping trips, which is clearly
di�erent from our purpose.

Beyond DML, the transportation causal toolbox includes Di�erence-in-Di�erences
(DiD), Instrumental Variables (IV), Regression Discontinuity (RD), propensity scores,
and Structural Equation Modeling (SEM). DiD compares treated and comparison
units over time (Callaway, Goodman-Bacon, & Sant'Anna, 2024; Stuart et al., 2014).
IV leverages exogenous instruments to isolate variation (Andrews, Stock, & Sun, 2019).
RD exploits sharp assignment cuto�s near a boundary (Imbens & Lemieux, 2008).
Propensity methods balance observed covariates to approximate the e�ects of ran-
domized comparisons (F. Li, Morgan, & Zaslavsky, 2018; Rosenbaum & Rubin, 1983).
SEM encodes hypothesized pathways and latent constructs (Golob, 2003; Loehlin,
2004). However, our planned, venue- and time-speci�c events feature high-dimensional
covariates. Under these conditions, DiD's conditional parallel-trends assumption is
fragile (Bertrand, Du
o, & Mullainathan, 2004). IVs are scarce because venue sched-
ules and local context correlate with demand shifters (MacKay & Miller, 2025). RD
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lacks credible cuto�s (Cattaneo, Idrobo, & Titiunik, 2024). Propensity methods can
underperform without 
exible learners and stringent diagnostics (King & Nielsen,
2019). SEM relies on strong structural assumptions and is less robust for localized,
short-horizon shocks (Bollen, 1989). Consequently, we adopt DML, which 
exibly
learns nuisance functions, orthogonalizes estimation to high-dimensional confounding,
and yields valid inference for ATE/CATE in this setting.

2.4 Research Gaps

Within this context, the literature reveals consistent methodological and conceptual
gaps. Most importantly, the in
uence of speci�c types of special events on shared
micromobility ridership received very little attention (Damant-Sirois & El-Geneidy,
2015; Huang, Xu, Yan, & Zipf, 2019; Rodrigues, Borysov, Ribeiro, & Pereira, 2017).
The limited research that exists tends to focus on a narrow range of event categories,
such as public transit strikes or service disruptions, or merely captures the in
u-
ence of major holidays incidentally while investigating other factors. Furthermore,
existing studies often overlook small- to medium-sized city activities, which in fact
account for most events, and they seldom di�erentiate between event types. More
critically, nearly all current studies on micromobility event impacts rely on correla-
tional designs or simple pre- and post-analyses, which lack the strength to attribute
ridership changes to speci�c events credibly. These approaches generally fail to disen-
tangle event e�ects from potential confounders such as extreme weather, changes in
gas prices, or underlying seasonal trends.

This study advances prior research by introducing a robust causal inference frame-
work to systematically evaluate the e�ects of diverse event categories on shared
micromobility usage in Washington, D.C. Using high-resolution destinations from
dockless e-bikes and e-scooters and applying DML methods, we estimate both ATE
for broad event categories and drill down into event subcategories to uncover nuanced,
category-speci�c ridership responses. Furthermore, we estimate the CATE of key
contextual factors during events and compare these causal estimates with results
from traditional regression models, highlighting methodological discrepancies and
reinforcing the value of causal identi�cation.

3 Data and Methodology

There are six main steps in our methodology: (1) Data collection and preprocessing;
(2) Event classi�cation; (3) Paired t-test; (4) DML; (5) Key features identi�cation
& correlation analysis; (6) Heterogeneous causal e�ects within subcategories. Our
analytical framework is presented in Figure 1.

The subsequent subsections detail this framework. Section 3.1 describes the col-
lection and processing of all data and variables. Subsections 3.2 and 3.3 cover event
classi�cation and the creation of treatment/control groups and the preliminary t-test
(RQ1). The core causal analysis using DML to estimate ATEs (RQ2) is outlined in Sub-
section 3.4. Subsection 3.5 presents associational analyses (LightGBM and GLMs) for
RQ3. Finally, the DML framework is extended in Subsection 3.6 to compute CATEs.
These CATEs are used for two purposes: to contrast causal and correlational results in
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Fig. 1: Analytical framework of the six-step approach used to analyze the e�ect of
special events on shared micromobility in Washington, D.C. Explored three di�erent
categories of special events and compared correlation and causation methods.

Subsection 3.5 (RQ3) and to analyse heterogeneous e�ects within event subcategories
for RQ4.

3.1 Data Collection and Preprocessing

Here we detail the data and feature construction supporting our analysis. We compile
three event datasets (which we refer to as large, small, and protest) for Washington,
D.C., in 2023-2024 and overlay them with e-scooter/e-bike trips from the company
Lime. Destinations within 500 meters of each venue are counted as the outcome. We
then gather temporal, sociodemographic, and built-environment covariates to provide
context for understanding how events in
uence shared micromobility.

3.1.1 Three Di�erent Categories of Events

Washington, D.C., the nation's capital and political centre, is our chosen region of
study. It hosts frequent activities at various spatial and temporal scales, ranging from
small events to large parades and community gatherings (Thompson, 2022). To assess
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