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Disruptions in public transport (PT) can have a major impact on passenger activities and on
the attractiveness of the service, particularly when they are not absorbed by the network as a
whole. The present study aims to detect the presence of disruption and assess the contribution of
existing alternative bus or tramway stops to the resilience of the PT network, using explainable
machine learning techniques. The detection task is formulated as a supervised classification
problem performed using Random Forest (RF) for 39 different subway stations, using Automatic
Fare Collection (AFC) data and Service Disruption logs (SD-logs). Furthermore, the SHapley
Additive exPlanation (SHAP) interpretation method is implemented to retrieve the magnitude
and the direction of each alternative stop’s contribution to PT resilience. Results show that the
proposed modeling framework has high prediction performance, can minimize false alarm rates,
and can foresee the occurrence of disruptions 5 min before their registered beginning in SD-logs.
Findings also indicate where demand is reallocated, resulting in 5 different resilience clusters for
subway stations. Density and connectivity emerge as two major attributes of resilience that have
a central role in the design of disruption management (tactical) and development (strategical)
plans. The proposed approach has been applied to the PT network of Lyon (France) and is
replicable by adapting the hyperparameters to the observed use in other PT networks.

1. Introduction

Disruptions in public transport (PT) systems have critical consequences on their functionality and attractiveness, particularly
when the network as a whole fails to absorb them. Such disruptions hinder the system’s ability to provide reliable user accessibility,
and increase the risk of network degradation challenging the resilience of the system. The impacts of disruptions on PT systems in
general include delays, trip cancellations, and significant economic losses (Cox et al., 2011; Mo et al., 2023). For service providers,
disruptions incur additional costs such as overtime payments for staff, fare reimbursements to passengers, and fines under certain
contractual agreements with PT authorities (Yap and Cats, 2021). Over time, repeated disruptions can erode passenger confidence
in the system, leading to perceived unreliability resulting in declining ridership, which in turn, further diminishes revenue (Yap and

Cats, 2021).

Disruptions also substantially reduce satisfaction levels and undermine the overall resilience of the transportation network (Rahimi
et al., 2019). For passengers, disruptions often force unplanned adjustments, such as finding alternative routes or coping with
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severe delays (Miiller et al., 2020). When such incidents disrupt lines or stations, they lead to extended travel times and altered
travel behaviors (Sun et al., 2016). Improved planning and implementation of both preventive measures and restorative actions can
mitigate the negative effects of disruptions (Vodopivec and Miller-Hooks, 2019).

If disruption is defined as an event that causes a substantial deviation from the usual performance levels (Besinovi¢, 2020),
resilience refers to the disruptions that can be absorbed (Reggiani et al., 2015) and the ability of the PT system to maintain functions
during these interruptions (Liu et al., 2024). Considering railway transport systems, Besinovi¢ (2020) identified three stages to
characterize disruptions. First, the performance of the PT system involved translates from regular to disrupted performance levels.
Hence, the first step of disruption management strategies is the detection of the disruption. Then, the system reaches a steady
state, where the performance is substantially lower than usual. In this context, the purpose of disruption management strategies is to
simultaneously reduce the intensity and duration of the disruption. To compensate for the induced lack of performance, the operator
can provide temporary supply alternatives (i.e. supply management), and passengers can be redirected to existing alternative supply
(i.e. demand management). Finally, the PT system recovers and switches from disrupted to regular performance levels.

Disruptions have heterogeneous profiles and can be characterized by their source (endogenous or exogenous) and predictability
(planned or unplanned). Planned disruptions, endogenous or exogenous, refer to special events (Noursalehi et al., 2018) that require
specific planning policies to be handled in advance. Most planned endogenous disruptions provoke a supply reduction (e.g. planned
maintenance), while most planned exogenous disruptions provoke an increase in demand (e.g. concerts). These disruptions result
in temporary adaptation handled by PT operators, who adjust PT schedules to new service availability (service-based management)
or provide relevant information to users to reschedule their trips themselves (demand-based management). In this work, we are
specifically interested in unplanned disruptions, which are more challenging in terms of operations because they need to be
handled in real-time. These disruptions are mostly provoked by service issues, such as abandoned baggage, power failure or
informatic failure (Cottreau et al., 2025), but also can be related to external and global issues such as pandemics (El Zein et al.,
2022; Cottreau et al., 2023) or safety issues (Cox et al., 2011).

The specificity of urban PT systems lies in their high spatial density and service connectivity. Considered as “the ability to create
and maintain a connection between two or more points in a spatial system”, connectivity is a key element for “the development of
resilience in transport systems” (Reggiani et al., 2015). In terms of spatial density, the distance between stations (or stops) in urban
PT systems is in the range of walkable distance, with dedicated infrastructures that might ease the switch from one alternative to
another. In terms of time, urban PT schedules are built to provide a supply in the range of a few minutes for a specific origin—
destination (OD) trip, while time intervals are broader when dealing with national or regional train lines. Consequently, when
a disruption occurs in urban PT systems, numerous reliable and relevant alternatives are available, leading to spontaneous flow
redistribution. Therefore, demand management is a powerful tool to help urban PT operators enhance the redistribution process.

In recent years, PT demand management has been enhanced by increasing computing capabilities and increasing data availability.
More specifically, the fine-grained data collected by operators through Automatic Fare Collection (AFC), Automatic Vehicle Location
(AVL), and Service Disruptions (SD) logs are now used to track the performance of PT systems in real time. Data-driven management
strategies have already been explored and have been proven to improve operators’ ability to face disruptions compared to the use
of operational reports (Jasperse, 2020). In this process, the detection step is crucial because it is the first step of any disruption
management plan. Once the event is detected, operational responses are brought in to restore the supply and reallocate PT flows.
Several studies use a topological approach (Zhang et al., 2015; Cats, 2016; Massobrio and Cats, 2024) to measure the contribution
of stops or stations to the resilience of the PT system. The methodology used in these works consists of retrieving the shortest paths
in a given graph and combining them with service data to assess several aspects of resilience (e.g. robustness or recoverability).
Performance is often tracked through passenger travel time, and disruption effects are assessed by removing links from the graph.
Compared to this approach, the advantage of AFC data is to work with real demand flows, and therefore propose even more specific
recommendations to build resilient PT networks. Along these lines, Yap and Cats (2021) used demand data to predict stations’
exposure to disruption and clustered them based on their criticality, i.e. their contribution to the system’s vulnerability. In return,
our study aims to analyze the contribution of alternative stops to the system’s resilience. In this regard, this paper aims to answer
the two following research questions: To what extent can data-driven methods be implemented to detect PT disruptions? How can we
measure the contribution of existing alternative options to the resilience of PT systems? We approach these research questions from a data
partitioning-based machine learning perspective, applied to the resilience of urban PT systems to disruptions in subway service. This
work proposes a short-term and demand-oriented framework that provides useful insights to improve the real-time management of
disruptions and to enhance the resilience of PT networks at the operational level. It notably uses an anomaly detection framework
to constantly track the probability of facing disruptions, which aims to improve the responsiveness of PT operators in the event of
disturbances. In addition, the use of explainable machine learning with SHapley Additive eXplanation (SHAP) enables to measure
the contribution of existing stops in the demand reallocation process provoked by disruptions. This approach helps identify potential
crowding issues and suboptimal flow redistribution that could be improved with targeted real-time information. To the best of our
knowledge, this study is the first to combine disruption (i.e. anomaly) detection algorithms with a measurement of the contribution
of alternative stops to the resilience of PT systems.

The next Section 2 provides a general literature review (Background). The methodology and data description are explained in
Section 3. The results are presented and discussed in Section 4.
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2. Background

In this section, we address the problem of disruption detection from the perspective of PT systems, but also with a generic
methodological approach. Section 2.1 gives an overview of how the notion of resilience is treated in PT literature and what kinds of
data are at hand. However, there is a rich literature on disruption detection outside the scope of PT. More generally, the notion of
disruption is referred to as anomaly in the literature. In addition, the detection problem can be translated into a binary classification
task, where one predicts the presence or the absence of a disruption. For these reasons, Section 2.2 focuses on the existing extensive
literature on anomaly detection, while Section 2.3 deals with the well-studied topic of classification algorithms applied to anomaly
detection problems.

Throughout the literature review, three main objectives are defined and broken down into several working directions to build
our modeling framework.

2.1. Resilience and performance assessment of public transport systems

In the field of PT, most studies have tackled the problem of resilience from the perspective of graph theory. In that regard,
vulnerability and robustness are two corollary concepts often studied in the literature. Vulnerability refers to the extent to which
system performance is impacted by a disruption (Ge et al., 2022), while robustness is defined as the ability of a system to withstand
disruptions with minimal impact on performance (Cats, 2016). This approach can be used with topological data (Zhang et al., 2015),
demand-based data such as OD matrices (Rodriguez-Ntfez and Garcia-Palomares, 2014), service-based data (Massobrio and Cats,
2024) or costs (Khaled et al., 2015).

Other works investigate the impact of disruptions at the station levels thanks to service data. Delays are a measurement of the
deviation between planned and actual performance, which is often used in the literature (Weng et al., 2014; Louie et al., 2017;
Marra and Corman, 2019; Zhang et al., 2022). However, it does not provide complete information on how the system reacts to a
disruption. The unavailability of local supply measured by delays provokes flow redistribution which needs to be measured with
demand data.

Several demand-based performance measures can be used to characterize disruption. When Origin-Destination (OD) matrices are
available, passenger flows (Yap et al., 2018), travel times (Mo et al., 2023) or passenger delays (Sun et al., 2016) can be retrieved and
used to characterize the response of PT systems to disruptions. This information can also be translated into generalized costs (Yap
and Cats, 2022), which help to appraise the impact of disruption with revenue loss. These user-oriented metrics provide useful
insight into the flow redistribution process and the preparedness of PT operators toward disruption scenarios. The main drawback
of OD matrices is that they are less suitable for real-time disruption management strategies. Considering tap-in-only PT systems, the
destination inference procedure is time-consuming, and OD matrices cannot always be retrieved quickly. Consequently, an approach
using rapidly-available demand data might be more universal, applicable for tactic (i.e. short-term) and strategic (i.e. long-term)
purposes, and for a large variety of PT systems.

Raw ridership data answers these needs. First, it is available for all PT networks equipped with an Automatic Fare Collection
system (AFC), including tap-in only systems. Second, it is suitable for real-time operations, as very few prepossessing steps are
needed to be able to work with it. Once aggregated at a chosen spatiotemporal level, substantial information can be extracted from
it (De Nailly et al., 2022), and the resulting time series are the ground for many disruption detection techniques. More generally,
we will refer to anomaly detection, being a broader term that includes all forms of unexpected or unwanted event detection.

2.2. Anomaly detection models for public transport systems

Anomaly detection techniques refer to identifying inconsistencies in a set of data. They are used in several fields, such as
water distribution and treatment (Chen et al., 2022) medical (Wang et al., 2020), human activity (Sagha et al., 2013), energy
consumption (Oprea et al., 2021), or cyber-security (Illiano et al., 2018; Shahinzadeh et al., 2021). Transportation literature also
refers to these methods, but there is a gap between their use in road traffic (Weil et al., 1998; Talpade et al., 1999; Jiang and
Papavassiliou, 2006; Davis et al., 2020) and PT. Most recent studies in road traffic focus on computer vision methods (Rathee et al.,
2023) or multisource data, including image and multivariate times-series captured by sensors (Driss Laanaoui et al., 2024). These
studies also use various kinds of machine learning models, such as tree-based, Recurrent Neural Networks (RNN) for capturing
time structures or Convolutional Neuronal Networks (CNN) when working with image data. In the following, we gather the main
contributions made in the field of PT using time series.

Working on the PT network of Paris, Tonnelier et al. (2018) have used AFC data for 13 consecutive weeks. They have proposed a
first model based on the periodicity of the time series which aims to provide an anomaly score based on the distance to the periodic
signal. A second model uses non-negative matrix decomposition to extract the main component of the signal, allowing it to consider
more complex patterns than the periodicity defined in the first model. Results show that non-negative matrix decomposition is
best at minimizing the false alarm rate. Using machine learning and deep learning models such as Random Forest (RF) and Long
Short-Term Memory (LSTM), Pasini et al. (2022) have detected anomalies from 50 different subway stations in Montreal, from 2015
to 2017. They are notably based on the forecasting ability of such models to detect anomalies and provide contextual anomaly scores.
Noteworthy, the authors show that LSTM outperforms RF in the prediction task, while RF is better than LSTM at detecting anomalies.

Interestingly, Tonnelier et al. (2018) have also developed a continuous user-based model based on the selection of the 10%
least likely validation logs for every cardholder. Once these logs are selected, new time series are compiled, and the detection task
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is performed. The underpinning assumption of this approach is that anomalous events may lead a large number of users to have
unusual behaviors, increasing the number of low-probability validations to be observed. Findings show that the model is effective
for detecting fine-grained changes in time series.

Other work described time-series anomalies from a statistical point of view. Using AFC data collected on the Shanghai subway
system, Gu et al. (2020) reconstructed a 5 min interval time series and clustered it at the day level. Resulting clusters correspond to
calendar attributes: weekdays, weekends, and holidays, and for each of them, the authors retrieve interquartile ranges (IQR) related
to the time series. This information is used to calculate indexes that evaluate different types of anomalies. The authors proposed a
3-level detection system based on four different indexes, which helps trigger different disruption management strategies. Briand et al.
(2017) used a similar approach, using hierarchical clustering to group days and measure the difference in the number of validations
between the observed and nominal data every 15 min. Using a simpler approach, Sun et al. (2016) assumed that ridership levels
were normally distributed, and applied the thrice standard-error principle to identify anomalies in demand levels.

Data on real anomalies are always hard to obtain and the level of confidence that one can have in such data is often controversial.
One of the main objectives of anomaly detection is, therefore, to reduce the uncertainty related the limited knowledge we have
about anomalies. Two different approaches are identified in the literature: unsupervised settings and supervised settings with label
pre-processing.

On one hand, most anomaly detection approaches found in the literature are unsupervised. Indeed, most studies acknowledge
that raw disruption databases are not trustworthy enough to be used as labels in supervised settings. To overcome this issue, Ji et al.
(2018) used the subway delay disruption dataset from Washington Metropolitan Area Transit Authority as labels in their multi-task
learning model, using data extracted from social media as features to detect anomalies. The study provides positive insights into
using social media data to detect disruptions. In addition, Zhang et al. (2022) used a Gaussian Mixture Model (GMM) to detect
service disruptions in metro headways and used service disruption logs to perform a post-hoc comparison of their results. Other
works used unsupervised settings with a post-hoc evaluation, such as Tonnelier et al. (2018) used Twitter data, Pasini et al. (2022)
used service disruption logs, or Jasperse (2020) used delays.

On the other hand, supervised settings require labeled datasets. However, the well-known problem of low quality labels has led
academics to develop other learning processes such as soft-labeling learning (Nguyen et al., 2014; de Vries and Thierens, 2024) or
confidence learning (Northcutt et al., 2019). For instance, in the case of manual implementation of disruption logs, these techniques
could be based on the operator’s confidence level to label an event as a disruption. It could result in soft-labels, where the output of
the procedures is not binary, but offers a range of possibilities from high confidence in the presence of disruptions or conversely,
high confidence in its absence. Another approach is to focus on a subset of the most trustworthy labels, for which the supervised
detection task can be performed. For instance, only delays above a certain threshold can be considered as an anomaly (Marra and
Corman, 2019), and therefore, can be used as labels.

In this work, we are interested in minimizing the uncertainty related to SD logs which releases some of the constraints for
executing a supervised detection algorithm using this data. The following section aims to explore what models and settings are used
in the literature to handle anomaly detection problems, and also investigate data processing techniques strengthening the confidence
in labels.

2.3. Supervised settings for imbalanced learning

As explained by Primartha and Tama (2017), anomaly detection can be summarized as a binary classification problem, where one
class stands for the presence of anomaly and the other stands for its absence. As anomalies are seldom, their corresponding class is
largely underrepresented in the dataset: this problem is known as imbalanced classification. This raises two main challenges: first,
as few anomalies can be used to train the classifier, high false alarm rates are often observed (Primartha and Tama, 2017). Second,
the usual performance metrics used for classification problems are not adapted to class imbalance. For example, the percentage of
correct predictions (i.e. the accuracy) is expected to be very high because the model will easily predict the outcome for the majority
class, regardless of the outcome for the minority class. Considering both statements, the modeling framework needs to be improved
to optimize its performance, and suitable metrics need to be found for anomaly detection.

To tackle the first objective, several authors have shown that an ensemble classifier performs better than a single classi-
fier (WozZniak et al., 2014; Fernandez et al., 2018b) with methods such as bagging (Breiman, 1996) or boosting (Schapire, 1990).
The intuition behind ensemble classifiers is to combine several classifiers into a single classifier, therefore reducing the prediction’s
variance and/or bias. In addition, in the case of bagging, each bootstrap sample can be drawn so that the sample contains the same
proportion of objects belonging to the majority and minority classes (Chen et al., 2004): this method is known as balanced bagging.

As mentioned in Fernandez et al. (2018b), ensemble classifiers are often embedded with data pre-processing techniques in
the case of imbalanced learning. Most techniques rely on data sampling “in which the training instances are modified in such
a way as to produce a more balanced class distribution, that allows classifiers to perform in a similar manner to standard
classification” (Fernandez et al., 2018a). Oversampling consists of creating or replicating instances from the minority class, while
undersampling consists of removing existing instances from the majority class. When data is highly skewed, undersampling is not
recommended as it may delete too many data points to reach the desired class ratio. Among oversampling methods, the Synthetic
Minority Oversampling Technique (SMOTE) is very popular due to its ability to minimize overfitting, unlike other simpler sampling
techniques (Chawla et al., 2002; Elor and Averbuch-Elor, 2022).

To address the second objective, we will consider two types of output the model can provide: nominal class and numerical
scoring predictions (Fernandez et al., 2018c). In binary classification settings, nominal class means that the model’s task is to detect
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the presence or absence of an anomaly. Dealing with nominal class prediction, the Fl-score is the most used metric. F1-score is
the harmonic mean of precision (i.e. the number of relevant items among the ones retrieved by the model) and recall (i.e. the
number of retrieved items among the relevant ones). In addition, some improved F measures on class imbalance can be found in the
literature (Nguyen, 2019). Numerical scoring is the assignment of a score to each output. In some cases, this score can be interpreted
as the probability of belonging to the target class (i.e. the anomaly). Several studies argued in favor of the use of the Precision-Recall
(PR) curve in the case of imbalanced data (Davis and Goadrich, 2006; Saito and Rehmsmeier, 2015; Branco et al., 2015), which
uses continuous outcomes such as numerical scores. The Receiver-Operating Characteristic (ROC) curve is also used for imbalanced
learning, but can be inaccurate for highly skewed datasets (Hanczar et al., 2010).

3. Methods and data

General problem specifications are given before introducing methodological materials. This work aims to find a model A
predicting the probability that a disruption — also called anomaly — occurs at a given time ¢ and a given subway station. Let us
denote y the binary variable taking the value 1 in case of disruption, 0 otherwise. In addition, let us denote X the matrix of the K
variables used to explain the occurrence of disruptions until time 7.

Xip ot Xy e Xpg
X=|x1x X1k xri |, t€I[1,T] and k€[l,K] (€D)]
XLkt %kt XK

From matrix X, we can retrieve different information that will be used in further steps of the modeling framework.

* The values of a given explanatory variable can be extracted column-wise. The resulting vector is denoted Xy = (x4, ..., X7 4)
and will be referred to as variable in the following.

» The values of all explanatory variables at a given time step ¢ can be extracted row-wise. The resulting vector is denoted
X¢ = (x> ..., X, g), and will be referred to as instance in the following.

+ A single value x,; taken from matrix X is called a realization of variable k at time 1.

Section 3.1 focuses on explanatory variables (X) and Section 3.2 focuses on the model specifications (4). Section 3.3 deals with
measuring the contribution of alternative stops to the resilience of PT systems. Finally, the data used in this study is introduced in
Section 3.4

3.1. Variables embedding

In this study, we distinguish temporal from spatial features.

Temporal variables are categorical calendar variables. They are used to capture the seasonality observed in PT demand, which
might influence the occurrence of disruptions. Intra-day variability is taken into account by affecting an ID to each of the 288
five-minute time bins included in a single day. Similarly, week variability is taken into account using days of the week (from 1 to
7) and annual variability is implemented using a boolean variable for the presence (1) or the absence (0) of holidays.

Spatial variables correspond to the time series of least probable validation logs at stops near the studied subway station, also called
Spatial User-Based Metric (SUBM) in this work. The intuition is that when a disruption occurs at a subway station, many users will
validate at a nearby stop, where they are usually unlikely to validate (this is a property of the flow reallocation process). Therefore,
SUBM is expected to increase in the surroundings of a disrupted subway station. These stops are called alternative stops in the
following, as they are considered the preferred alternative solution in case of subway disruptions.

Specifically, each validation is characterized by the triplet (u, s, t), where u denotes the user ID, s the PT stop and ¢ the time. Let
us denote V,, /s the set of validations made by a given user «’ at a specific stop s/, and V,, the set of all validations made by the
same user u’. For each validation, we calculate the probability that user ' tap-in at stop s’ according to Eq. (1) (Tonnelier et al.,
2018) :

Card(Vu/'S,)

" _
Fu(s) = Card(V,,)

(2)

Then, the 10% most unlikely logs (i.e. having the lowest probability) are selected and aggregated into a 5 min time series. The
resulting time series is then filtered to avoid noise-related problems. Although Tonnelier et al. (2018) used a Gaussian Kernel, this
filter is irrelevant for real-time purposes because calculating the filtered value involves considering validations after the observed
time 7. To mimic a real-time data inflow, we set the value of the convolution cell to 0 after time 7. This adapted kernel results in a
filter called Half-Gaussian in this work.

Spatial variables selection - For each subway station considered in this study, the set of alternative stops is selected according to
the following two steps. First, a distance threshold is used to select the closest stops. We choose a 600-meter buffer, which is used
by Egu and Bonnel (2020) to delimit the walkable distance for the transfer between the PT stops in Lyon. Second, the remaining
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alternative stops are selected according to one supply-based and one demand-based indicator. The chosen supply-based indicator
is the number of days with at least one validation recorded. It notably helps to separate regular supply from event-specific supply,
such as bridging buses. Indeed, adding information on bridging buses in the model would be considered as a data leakage, because
they are specifically and exclusively implemented to overcome disruptions. Then, the total number of validations at each alternative
stop is used as a demand-based indicator. It aims to distinguish alternative stops with sufficient data available from uninformative
stops. To automatically select the relevant stops, all couples of indicators are clustered using spectral clustering (Von Luxburg,
2007). The number of clusters is set to two, and the one that maximizes both indicators is selected.

3.2. Model specifications

Model - In this work, we use RF as a classifier for several reasons. First, we use RF due to its ability to cope with imbalanced
classification problems (Breiman, 2001). Gradient Boosting algorithms have the same properties regarding imbalanced datasets and
have also been tested, giving similar results but having higher computing needs during the tuning stage. For this reason, we only
present RF in this work. For this application, we divide our dataset into training data (80%) and testing data (20%). In the training
stage, a 5-fold cross-validation procedure is applied to validate the relevance of our model and avoid overfitting.

Second, RF and tree-based models in general, are machine learning models which are interpretable. Indeed, global explanations
can be retrieved from RF given how often and how well a given variable explanatory variable will contribute to building new
branches in the decision trees. When combined with SHAP, we are also able to calculate exact local contribution of explanatory
variables (see Section 3.3).

Finally, RF are structured in such a way that terminal nodes in each decision tree will contain a fraction of anomalous instances,
that can be interpreted as the probability for these instances to be anomalous. This is in line with the numerical scoring approach
commonly used for anomaly detection in imbalanced settings (see Section 2.3).

Outputs - To give an anomaly score to each sample, we use the RF probability score as defined in Olson and Wyner (2018).
Considering instance X; in a single tree # and falling into the terminal node z*, the probability for X; to be predicted as an anomaly
can be defined as the fraction f,(6,X,) of instances being labeled as an anomaly (y = 1) in z*. In the case of RF, N, trees are used
to make the prediction such as the ensemble of trees can be written as {6, },¢(;,n,)- Consequently, the probability for the instance X;
to be an anomaly is defined as the average of the probabilities for single trees, as given in Eq. (3).

Ng
By (y=1) = Nle 3 716.X) ®)
i=1

Performance - Precision (Pr) and Recall (Re) are two common metrics used to assess the performance of classification models. They
can be calculated when the model’s output ¥ is binary. In this case, we can define the number of true positives (TP, y =1, 3 = 1),
false positives (FP, y = 0, y = 1), true negatives (TN, y = 0, y = 0) and false negatives (FN, y = 1, y = 0), and precision and recall
can be calculated as in Eq. (4).

TP TP

Pr=———  and Re= ———— @
TP+ FP TP+ FN

Hard labels (i.e. binary outputs) are retrieved using a probability threshold p that optimizes a given performance measure. The
Precision-Recall curve is produced by varying the probability threshold so that precision and recall can be calculated for each step.
This curve is particularly useful in imbalanced datasets where one class is much more frequent than the other, as it provides a
clearer picture of the model’s performance across different threshold levels. The aggregated metric used at the end of this process is
the Area Under the Curve (AUC), which is best approximated using the Average Precision (AP) score as shown in Eq. (5) (Manning
et al., 2008).

AP =) (Re, - Re, )Pr, 5)
P
The AP score summarizes the Precision—-Recall curve by taking the weighted mean of precisions achieved at each threshold, with
the increase in recall from the previous threshold used as the weight. This approach gives a single-figure measure of quality across
the range of threshold values, making it a robust metric for evaluating model performance.

Specificity due to imbalance - The particularity of imbalanced settings is that the fraction « of instances for which y = 1, also called
contamination rate in anomaly detection, is very low. To overcome this problem, we implement the Synthetic Minority Oversampling
Technique (SMOTE) algorithm to create new instances and reach a desired ratio ag, which aims to improve the learning capacity
of the model (Elor and Averbuch-Elor, 2022).

The notion of Balanced Random Forest (BFR) has been developed in Chen et al. (2004) to deal with imbalanced settings. It
differs from RF in that the bootstrap sample used for each tree in the RF is balanced. More precisely, each sample is drawn from the
disrupted instances (y = 1), and the same number of samples is drawn with replacement from the regular instances (y = 0). Results
of this procedure are given in Appendix A

Parameters tuning - Each tree in RF is trained on a random sample drawn from the whole dataset. In the case of bootstrap sampling,
samples are drawn with replacement, which is proven to reduce the variance of the model (Breiman, 2001). Another common
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regularization is restricting the algorithmic feature selection to a randomly selected subset of explanatory variables for each node.
For a set of K variables, a random subsample of size \/? is often used (Breiman, 2001).

The literature often studies two other parameters, namely the number of trees in the RF and the tree’s depth. Most research
suggests that trees in RF should be unpruned, i.e. that trees should be built to full depth (Breiman, 2001). However, there is no
clear consensus on the number of trees to use in RF. One of the most recommended techniques to find the optimal parameter is
to perform a sensitivity analysis using out-of-bag errors (Hastie et al., 2009). In this study, we will perform a grid search analysis
using average precision as the performance metric, in a 5-fold cross-validation setting. The tested number of trees lies from 10 to
500 and the corresponding tuning curves are given in Appendix A.

3.3. SHapley Additive exPlanation (SHAP) to measure the contribution of explanatory variables to the resilience of public transport systems

Definition - Shapley Additive Explanation (SHAP) is a method inspired by game theory to explain the output of any machine learning
or deep learning model (Lundberg and Lee, 2017). SHAP algorithm helps to unveil each explanatory variable’s contribution to the
constitution of the predicted output, which most AI models are unable to explain. RF models inherently have this ability to assess
the contribution of explanatory variables: importance scores can be assessed thanks to the measure of impurity that is used to split
nodes (Breiman, 2001; Menze et al., 2009). However, importance scores do not give information on the direction of the variable’s
effect and are inefficient when trying to explain the interaction between different variables. For this reason, we choose to compute
SHAP values instead of using the classic RF importance scores. In the transportation field, SHAP has been used for traffic applications,
especially to explore line-changing behaviors (Ali et al., 2022; Sun et al., 2024), and also to a lesser extent for PT applications (Lee,
2022; Xi et al., 2024).

Mathematical formulation - The SHAP theory is based on game theory, where “a prediction can be viewed as a coalitional game
by considering each [variable] value of an instance as a player in a game” (Molnar, 2023). Let us denote S C X the coalition of
variables considered, and C = X\ the remaining set of variables. For a given model » and time step ¢, the SHAP value function v
can be written as in Eq. (6).

vp(S) = / h(x; s U Xc)dPy . — E[h(X)] (6)

The term [ h(x, s U X ¢)dPx . means that for the selected coalition of variables S, we consider the realization of corresponding
random variables at time ¢, denoted x, . Then, we integrate over all possible values of the remaining variables X, according to
their distribution in the dataset P, to retrieve the contribution of variables in S to the prediction using model k. Finally, the
average prediction E(A(X)) is subtracted from the integral term. In our work, E(A(X)) ~ 0 because disruption occurs rarely (i.e. the
class imbalance is high).

Marginal contribution- The marginal contribution of variable X, to coalition S can be written as v ,(S U {X}}) — v}, ,(S). The
final SHAP value ¢, , of variable X, at time ¢ is the average marginal contribution of a realization x,, to all possible coalition of
variables (Molnar, 2023), as in Eq. (7).

3 [SINK — 1S - D!

I (Una(S U (X)) = 0,(9)) @

¢r,k =

SCXN(Xx)

Importance score - Similar to the RF importance score, SHAP importance scores can be computed for each variable by summing
absolute values of SHAP values of the kth variable over the studied period (¢ € [1,T]), as shown in Eq. (8).

T
D= bl ®)
=1

As SHAP is a very computationally demanding process, we decided not to perform the SHAP algorithm on the full dataset. The
fraction of data used in this process is a subsample of the testing data set, which is chosen according to the following conditions.
First, as the data is very imbalanced, all disruption instances are included in the sample. Second, the time distribution of the sample
must follow the time distribution of the testing data set. In doing so, the size of the data to be analyzed is reduced by 12 for the most
demanding stations while the accuracy of feature importance is maintained. This study uses the Tree SHAP algorithm to compute
SHAP values.

Interaction - For two variables X, and X, where (k,/) € [1,K]?[ # k, the SHAP interaction value can be calculated as in Eq.
(10) (Lundberg et al., 2020).

SINK - |S|-2)!
brps = ISIK ~ |51 -2)! (2(K _l ll)' ) Vi (h,t,S) )
SCX\{ X, X)) ’
where
Vii(h1,8) = [[0,,(S U { X, X)) = 03, (S U{X, D] = [07,(S U X)) = 03, (S]] (10)

In this work, we are particularly interested in the interaction between time and space variables. Stops have different timetables
depending on the time of the year, hence we believe the interaction between SUBM measured at each stop and time varies depending
on the stop considered.
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Fig. 1. Public Transport network of Lyon, France - The stops shown in this map are restricted to the one used in the study. The numbers in parentheses indicate
the number of dlternative stops associated with the corresponding subway station, and colors are used to distinguish the service area of each subway station. Map tiles:
OpenStreetMap.

3.4. Data

The PT network of Lyon is composed of 4 subway lines with a total of 40 stations. Two additional stations have been put into
service on October 20th 2023, but are not considered in this study which focuses on 2021, 2022, and 2023. More than 2 million trips
are made each day, 75% of them are made using smart-card and almost 50% of them involve the subway. In addition to subway
stations, the study focuses on alternative stops, which are all other PT stops included in a 600-meter buffer around every subway
station. Other PT stop includes tramway, Bus Rapid Transit (BRT) and bus. The selection procedure for these stops is described in
Section 3.1 and Fig. 1 shows the number of alternative stops finally selected for each station.

We use two data sources in this work: Automatic Fare Collection (AFC) and Service Disruption logs (SD logs).

Automatic Fare Collection (AFC) data are a good proxy for PT demand. These data are comprehensive and very granular, allowing
fine spatio-temporal analysis of mobility behaviors. They can be used for longitudinal analysis, which is crucial in our approach to
calculate the SUBM, and to target unlikely validations. Access to the PT system in Lyon requires a ticket or a smart card validation
(also called fare transaction). These detailed validations collected by the operator are available for 2021, 2022, and 2023. In this
paper, validations are used to calculate SUBM as defined in Section 3.1.

Service Disruptions logs (SD-logs) provided by the operator contain 3 years of data: 2021, 2022, and 2023. These dataset are
usually very noisy and require several pre-processing steps to be used in a supervised setting. Once cleaned, a spatiotemporal match
with AFC data can performed, allowing to measure the impact of service disruptions on PT demand (Cottreau et al., 2025). From
this procedure, we are able to distinguish disruption from minor disturbances, which considerably strengthens the confidence in
the labels for the detection task. In this work, we focus on the subset of disruptions that have the most intense impact on demand
(3,916 observations). When distributing the disruption temporally over the 3 years of the studied period, we end up with disruption
rates between 1%oand 6%oand lower (< 1%o) for stations CUI, HEN and CRO. Station CPA has not experienced any disruptions
during the study period. SMOTE (Chawla et al., 2002) is performed to balance these low disruption rates and improve the detection
algorithm, as mentioned in Section 3.2. Four different desired ratios are tested: a;, = {0,0.05,0.10,0.20}.
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4. Results and discussions
4.1. The detection of public transport disruptions

Fig. 2 shows the results of the 39 models that have been run to detect disruptions at the subway station level. The tuning stage
oriented our choice on a RF over a BRF. Also, the values of parameters have been set to a, = 0 for SMOTE (i.e. SMOTE has not been
implemented). RF inherent parameters are found through grid search analysis, the results of which are introduced in Appendix A.
The minimum number of elements a terminal node can contain is fixed to 1, the minimum number of elements required to split a
node is set to 2 and the number of trees is set to 200 for all stations. The efforts to correct imbalance (i.e. SMOTE and BRF) did not
significantly affect the model’s performance, which is consistent with Yap and Cats (2021).

Model’s performance - Average Precision (AP) scores given in Fig. 2(a) indicate that 35 stations have AP scores superior to 0.79,
followed by CUS (0.69), LAE (0.60) and REP (0.00). Station REP is associated with only one alternative stop and the poor model
performance suggests that this stop does not play a major role in the reallocation process. Therefore, the corresponding variable
is not informative and the model cannot detect disruptions. To a lesser extent, CUS faces the same issue with only two alternative
stops in its scope. They bring useful information for the detection process, but the lack of additional variables leads to model
underperformance. Station LAE experiences very few disruptions (250 min), which also leads to underperformance. Consequently,
the performance of the detection model is primarily driven by the number of alternative stops and the number of disruptions that
a station experiences.

Given the data imbalance, the AP score of a random classifier is expected to be close to zero. From this perspective, the ability of
RF to detect disruption is good. The strength of our modeling approach resides in the consideration of the SUBM. The Spatial User-
Based Metric (SUBM) is a probabilistic approach that helps to target unlikely fare transactions that are supposedly more frequent in
case of disruption (Tonnelier et al., 2018). SUBM helps distinguish an increase in demand, which is not necessarily correlated with
a disruption, from an increase in abnormal behaviors that is more likely to be caused by a disruption. What is more, the redundancy
brought by the consideration of SUBM for several stops simultaneously enhances the explanatory power of the model. Noteworthy,
this process avoids spending too much time defining a reference state, based on the most observed behaviors (Jasperse, 2020). In
addition, the proposed methodology is grounded on the use of a supervised classification problem, which is not used in the literature
because SD-logs are deemed unreliable, or are simply unavailable (Pasini et al., 2022; Tonnelier et al., 2018; Jasperse, 2020). Here,
we select the set of most intense disruptions to perform the detection task, which allows us to build a robust supervised modeling
framework.

Time-wise probability - Fig. 2(b) shows the cumulative probability that instances are classified as a disruption 5 min before it starts
(t41ar: — 5) When it starts (¢,,,), during a disruption (¢), when it ends (7,,,) and 5 min after it ends (¢,,, + 5). If 100% of instances
in a given time frame have 0% chance of being a disruption according to the model, then the curve will rapidly reach a plateau,
starting from probability = 0 and reaching proportion =1. This case is considered as the optimal no-disruption scenario (ONDS). On
the other hand, if 100% of instances in a given time frame have 100% chances of being a disruption, then the curve will follow the
x-axis, until it reaches probability = 1 for which proportion = 1. This case is considered as the optimal disruption scenario (ODS).

Results first show that the probability of detecting a disruption when there is actually no disruption is very close to zero at any
time, and is nearly identical to ONDS. It means that the proposed model is good at minimizing false alarms. Then, the cumulative
distribution of probabilities during disruptions () shows that 70% of these instances have probabilities higher than 0.5 to be
considered a disruption. This curve is closer to ODS, even if the model rarely attribute a 100% probability of being a disruption.
For the same probability threshold (0.5), less than 10% of instances at t,,, and t,,, + 5 are concerned, less than 5% for 7, and
tgare+5, and 0% for the remaining non-disruption instances. Therefore, the four corresponding curves that are displayed in the center
of Fig. 2(b), which we would expect to be closer to the ODNS, show a less stereotyped behavior. We can conclude that there are
clues in the data to target a disruption before its registered beginning in SD-logs. This means that an alarm can be raised when the
flow reallocation process has started but the operator did not start to implement management strategies. This is a useful insight in
favor of the implementation of early and automatic detection models, using different levels of detection such as in Gu et al. (2020).
In addition, the cumulative distributions for ¢,,, and ¢,,, + 5, show that the effect of the disruption remains after its ending time
as registered in SD-logs. Again, such probabilities are useful to extend disruption management plans when needed, by providing
information or additional supply to PT users until full recovery of the PT system. This result is in line with Malandri et al. (2018),
who found that the effect of a disruption that involves a station closure can last up to 6 times its corresponding closing time.

4.2. The contribution of alternatives stops to public transport resilience

In this study, we used the number of 10% least likely validations (i.e. the SUBM metric) at alternative stops to determine
the probability that a disruption occurs at a given time and a subway station. Consequently, we estimate the contribution of an
alternative stop to the system’s resilience by its ability to absorb unusual flows during disruptions, which is ultimately measured
by SHAP importance scores. However, optimal disruption management should also consider flow redistribution among alternatives.
For instance, let us consider a single alternative stop having a high SHAP importance score among 10 stops in total. This stop will
certainly contribute to the system’s resilience but if the 9 left are low contributors, PT operators can also expect overcrowding,
denied boarding, or even user dropout. This is why we consider the most resilient station should be defined by high but also evenly
distributed importance scores. For this reason, we consider both the raw values of SHAP importance scores (absolute contribution)



B. Cottreau et al. Transportation Research Part A 199 (2025) 104550

BN ineA BN LineB LineC == LineD Transfer
10
10 r
08
0.8
o
g
=
5
‘B 06 e 06
= 5
[v] -
o t
= o
a -3
] (]
2 o4 Ly
- ODS path
g = ONDS path
< —— no disruption
— Gwart—5
02 02 — ton
—t
— teng
Leng+ 5
0.0 T T 00
clronedanz5orSUl aEd0 zSgrad JeZsCwe =2 X - T T T T T T
TR B ket iR ot Rt 2a Sl 00 02 0.4 06 08 10
Subway stations Probability
(a) Average Precision (AP) scores (b) Cumulative probability curves

Fig. 2. Model performance - (a) Stations are classified by line. One bar corresponds to one RF model applied to one station. - (b) shows the cumulative probability of
instances being classified as a disruption 5 min before it starts (t,,, —5) when it starts (t,,,), during a disruption (1), when it ends (t,,,), 5 min after it ends (t,,, +5),
and when there is no disruption. In addition, illustrative curves are introduced for understanding purpose. The red curve refers to the optimal non-disruption scenario
(ODNS), that is, a model predicting no-disruptions instances without false alarms. The yellow curve refers to optimal disruption scenario (ODS), that is, a model predicting
disruption instances with 100% accuracy. The test data are used to build these graphs.

and their relative importance in the set of alternatives linked to a single subway station (relative contribution). At the alternative
stop level, we consider the raw importance score (stop absolute contribution) and its share in the total importance scores associated
with the corresponding subway station (stop relative contribution), as shown in Fig. 3. At the subway station level, we consider the
sum (aggregated absolute contribution) and the standard deviation (aggregated relative contribution) of the importance scores of the
corresponding alternative stops, as shown in Fig. 4.

We empirically clustered the stations into 5 groups corresponding to 5 different types of resilience. An additional group comprises
uninformative stations for which the lack of data on the disruption makes it difficult to conclude. In the following, we use the data
on the stop contribution of Fig. 3 in the form of stop relative contribution (expressed in %). In addition, we use aggregated absolute
(sum) and relative (std) contributions as mentioned in Fig. 4.

Low resilience: these stations are characterized by low absolute (sum< 100) and low relative (std< 5) contribution. They also
experience fewer disruptions than others (from 5 to 107), which explains their low absolute contributions. For the subset of stations
that experience less than 30 disruptions (CRO, CUI, HEN, LAE), the standard deviation of SHAP importance scores is below 1,
meaning that the contribution of each alternative stop to the system’s resilience is deemed equal. The level of information from
these stations is too low to conclude their resilience abilities: we call them uninformative stations. For other stops (BRO, GER, GOR,
JEA, PRY, SAX, VAL VEN), one or several alternative stops dominate others regarding contribution to the system’s resilience.

High resilience: these stations are characterized by high absolute contribution (sum> 350) and experience more disruptions than
others (from 291 to 337). This group gathers the city hall of Lyon (HOT) and the two national train stations of Lyon (PAR and PER).
They have low standard deviations regarding the high importance scores attributed to their alternative stops. Having more stop
alternatives, PER (std=9) and PAR (std=8) are more resilient than HOT (std=13) in the sense they have more capacity to absorb
the shock spatially. The reallocation process is more constrained at HOT, where lines C3 and C14 stand out as popular alternative
options, while others (e.g. C18) are neglected.

Critical resilience: this group gathers high relative contribution (std> 30) stations such as CUS and JAU. They have a low number of
alternative stops (respectively 2 and 3) with one of them standing out as the most reliable alternative solution in case of disruptions.
For example, line C7 represents 57% of the total importance scores attributed to JAU, and line C17 represents 73% of the total
importance scores attributed to CUS.

Hub resilience: hubs stations are characterized by low relative contribution (std< 6.5). These are stops capable of absorbing the
demand due to a high number of alternatives on average (18). In this group, we can notably distinguish terminal hubs (BON, OGA,
SOI, VMY), which are designed for modal shift, from inner-city hubs (AMP, BEL, BLA, CHA, COR, GUI, MAC), which benefit from the
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high density of PT network in central areas. On a larger scale, PAR, PER and HOT have similar properties and could be considered
as hubs stations.

Peripheral resilience: peripheral stations are characterized by high standard deviations (std> 6.5) and two times fewer alternatives
than hubs on average (9). One or several stops dominate others in terms of SHAP importance score (i.e. at least one alternative
stop contributes from 20% to 40% to the aggregated absolute resilience). The resilience of these stations (DEB, FLA, FOC, GAR, GIL,
GRA, LUM, MAS, MER, SAN) relies on a few alternatives, which can be risky in the case of disruption propagation and increase the
chance of overcrowding issues at the corresponding alternative stops. Their properties are close to single alternative stations such
as CUS and JAU (critical resilience), or low resilience stations even though they face fewer disruptions.

In addition, Fig. 4 helps to identify stations that are on the edge of a cluster. For instance, stations DEB, FLA, and GRA are
peripheral resilient, but their aggregated relative contribution makes them closer to the critical cluster. Indeed, Fig. 3 shows that
these stations have one alternative station that plays a higher role in their resilience, namely T1_Debourg for DEB (40%), 69_Flachet
Alain Gilles for FLA (35%) and C26_Gratte Ciel Metrofor GRA (29%). The same conclusion can be drawn for GER, which is low resilient,
but also close to critical with stop 60_Stade de Gerland accounting for 56% of the total SHAP importance score at this station.’

Furthermore, the absolute contributions of alternative stops show that tramway stops (mean SHAP = 13) contribute significantly
more than BRT (mean SHAP = 11) or bus stops (mean SHAP = 7) to the resilience of PT systems. However, when tramways are
not available, BRT contribution increases (mean SHAP = 13), and when neither tramways or BRT are available, bus contribution
increases in return (mean SHAP = 9). This indicates that the mode of alternative stops is a key factor in the design of PT resilience.

The aggregated analysis shown in Fig. 4 can be compared with the results from Yap and Cats (2021), who analyze the criticality
of subway stations according to their disruptions’ exposure and impact. For instance, Yap et al. (2018) have shown that the cluster
of most critical stations comprises subway-to-subway and subway-to-train transfer stations. In addition, our study demonstrates
that stations having comparable attributes (HOT, PAR, and PER) also have the best resilience properties. Therefore, they are more
exposed to disruptions but are more able to handle the flow redistribution than other stations. Noteworthy, Yap and Cats (2021) also
note that the line-specific context can play a role in criticality, which can explain the few disruptions experienced by line C (CPA,
CRO, HEN and CUI) in our study. More generally, criticality and resilience analyses are complementary and could be performed
together to fully appraise the endurance of a station against disruptions.

The stop-level analysis helps to understand which stop solely contributes to the resilience of its corresponding station, or if the
stop is included in a set of alternatives that also contribute to the station’s resilience. For instance, bus-bridging strategies should
target the critical resilience cluster which involves alternative stops that are more likely to experience overcrowding. Noteworthy, Ge
et al. (2022) have noticed that bus bridging is one of the hottest topics in the literature when dealing with disruptions management
plans, but collaboration with taxi companies, and more recently micro-mobility could also be solutions to explore. Also, development
plans should consider the vulnerability of stations belonging to the critical resilience cluster, and propose more alternative solutions
to improve their resilience. From this perspective, we are in line with the strategy that Cats (2016) has observed in the case of the
Stockholm development plan, which prioritized the densification of the PT network over its expansion. The high resilience and hub
resilience clusters share the property of density, and also connectivity to the rest of the network, especially for inner-city hubs. These
results are consistent with Zhang et al. (2015), for who compactness and connectivity are two essential attributes of PT network
resilience.

4.3. Interactions

In this section, we will focus on the example of subway station Debourg (DEB) to analyze the interaction between time and
space features. This station was chosen because it clearly illustrates the results of a major tramway line and a small bus line with
interesting patterns that can be observed elsewhere in the network. Fig. 5 shows the SHAP values distribution for each variable,
sorted by importance. Color is used to display the original value of a feature. SHAP for time, SUBM, and interaction between them
for stop T1_Debourg and SHAP interaction for stop 64_Fryd-Gerland are shown in Fig. 6. The location of the corresponding alternative
stops is indicated in the insert of Fig. 3.

Fig. 5 displays SHAP values for all explanatory variables. T1_Debourg has the highest importance score, while Time (summer
holidays) has the lowest. Regarding spatial variables (SUBM), we identify clear patterns for T1_Debourg, 34 _Debourg, and T6_Debourg,
for which variable values seem positively correlated with SHAP values. For 64 Fryd-Gerland, 34 ENS Lyon, and 34 Fryd-Gerland,
patterns are fuzzier. With respect to time variables, the 5 min time level has the highest explanatory power by far. On the contrary,
Holidays and Summer Holidays have almost no explanatory power. Fig. 6 aims to show a clearer visualization of the time (5 min)
variable, in interaction with two different contributors: T1_Debourg and 64 Fryd-Gerland.

Fig. 6(a) shows the SHAP values for time, with time on the x-axis and values of SUBM for line T1 on the y-axis. Fig. 6(b) shows
the SHAP values for SUBM at the stop T1_Debourg, with time on the x-axis and values of SUBM for line T1 on the y-axis. The first
insight that comes out of both graphs is that SUBM follows a stereotyped distribution over time, with a peak during evening hours
(15:00-21:00). Also, disrupted data points mainly correspond to the highest values of SUBM for T1 Debourg, at each given time.

On one hand, Fig. 6(b) indicates that SHAP values are substantially high (0.30-0.40) when the SUBM is also high (1.50-3.50),
notably during the evening peak hours. However, the SHAP values for T1_Debourg are lower during morning hours (6:00-12:00).
The SUBM values for T1_Debourg and disrupted data points during the morning hours are in the range of SUMB values observed for

1 An interactive map similar to Fig. 3 is available online and on demand.
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regular data points during evening hours (0.50-1.50). Therefore, it is clear that the variable T1_Debourg on its own will contribute
to detecting disruptions during evening hours. On the other hand, Fig. 6(a) indicates that SHAP values for time are higher in the
morning (0.15-0.20) than in the evening (0.00-0.15) when looking at disrupted data points. Hence, the time variable seems to
compensate for the weakness of variable T1_Debourg and help to detect disruption happening in the morning, i.e. there is a high
interaction between time and T1_Debourg.

Fig. 6(c) displays the SHAP interaction values on the y-axis, and time on the x-axis. Values of variable T1_Debourg are indicated
through point coloration. This figure shows that the interaction is high during morning peak hours, reaching its highest point (0.24)
around 9:00. Interaction is also high during evening peak hours, reaching its maximum (0.22) at 15:00. For both peaks observed, it
means that a high amount of low-probability validations is more likely to indicate the presence of a disruption. However, a negative
interaction is observed between 19:00 and 22:00. These data points also correspond to a high amount of low-probability validations,
and are regular data points. This phenomenon seems typical of post-work activities (e.g. leisure or purchase), which occur mainly
at this time of the day (Egu and Bonnel, 2020) and are less predictable in space than other trip purposes such as commuting.

Fig. 6(d) shows SHAP interaction values similar to Fig. 6(c) for alternative stop 64 Fryd-Gerland. The pattern that comes out of
this graph is not stereotyped. The highest values of SUBM for this stop correspond to interaction values of 0. The low frequency of
line 64 (one bus every 30 to 60 min) can explain this lack of interaction with time. Also, line 64 has a very local coverage which
can explain its low contribution to the resilience of the PT system, being used by a specific population and accounting for few trips.

The results displayed for Debourg station can be generalized to any subway station. The strength of the model lies in its ability to
deal with different kinds of information coming from different alternatives stops. Event or activity-specific bus lines provide useful
information to make the difference between low probability validation related to a disruption and low probability validation related
to other kinds of expected events. Commuting lines, that have more stereotyped patterns, allow to identify the general probability
distribution of validations (e.g. high-probability validations during peak hours). These lines play the role of baseline features, as
they feed the model with common mobility patterns. They usually have the highest SHAP importance scores and mostly correspond
to strongest modes such as tramways or BRT.

The effect of time of the day on disruptions is known, and existing works have shown that the most intense disruptions mostly
occur during peak hours (Yap and Cats, 2022). The majority of disruption detection models use different representations of the time
of the day as an explanatory variable (Pasini et al., 2022), or use time to operate separated analyses of specific periods (Jasperse,
2020). This work goes one step further by analyzing the interaction between time and space variables, thanks to SHAP algorithm
which is a major recent development in the field of explainable IA. To the best of our knowledge, this study is the first to implement
SHAP in combination with disruption detection in the field of transportation research. This shows how machine learning models
can interpret different kinds of unexpected behaviors according to time, and therefore make the difference between low-probability
fare transactions due to disruption and post-work activities. Further work could include other calendar variables, such as expected
events (e.g. football games), that regularly impact specific subway stations and are expected to be associated with low values of
SUBM as well.

5. Conclusions

Using a sample of 3 years of subway Automatic Fare Collection (AFC) and Service Disruptions (SD) logs provided by the PT
operator of Lyon, this study aims to answer the following questions: To what extent can data-driven methods be implemented to detect
PT disruptions? How can we measure the contribution of existing alternative options to the resilience of PT systems?

In this work, the detection task is assimilated to a supervised classification problem, performed using RF for 39 subway stations
of the PT system of Lyon, France. The explanatory variables are twofold: time variables are based on calendar attributes (time of
the day, day of the week, and holidays), while space variables are embedded in a Spatial User-Based Metric (SUBM). The SUBM
represents the time series of the 10% least likely fare transactions, which value is expected to reflect the flow reallocation process
in case of disruptions.

Also, SHalpey Addiditive exPlaination (SHAP) is implemented to retrieve the importance of explanatory variables and assess the
magnitude and the direction of their interaction. We are particularly interested in assessing the contribution of space variables to
PT resilience thanks to SHAP importance scores, and the interaction between time and space variables thanks to SHAP interaction
values.

First, the detection model is trained to compute the probability that a disruption occurs at each 5 min interval time step. This
model has high prediction performance, with Average Precision (AP) scores over 0.79 for 35 stations. The analysis of the probabilities
shows that we can detect disruptions (70% of the disruption data points have probabilities over 0.5), but also that there are some
clues in the data that inform on flow reallocation processes emerging 5 min before and lasting 5 min after the registered period
of disruptions in SD-logs. At the same time, the model is good to minimize the false alarm rate. These are relevant insights for
PT operators, that could automatize and enhance their disruption detection procedure with different confidence intervals based on
different probability thresholds.

Second, the contribution of alternative stops measured with SHAP values helps to target where the flow reallocation process
happens and therefore can be used to improve disruption management plans by implementing temporary services where it is the
most needed, or orienting the flow towards better existing alternatives using high-quality information. Noteworthy, five clusters of
station resilience emerge from this work, for which connectivity and density seem to play a role.

Finally, this work focuses on the interaction between time and space and shows how RF can make the difference between
low-probability fare transactions caused by disruptions and those caused by evening activities. This result indicates the relevance
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of the SHAP algorithm in better interpreting machine learning (ML) models for the disruption detection task. With additional time
explanatory variables, such as planned events (e.g. football games) that are expected to cause low-probability fare transactions
as well, the detection algorithm could be improved in specific contexts. Indeed, SHAP interaction algorithm is a powerful tool to
understand overlapping events using ML.

This study faces several limitations. Unlike works using network theory, the notion of alternative stops does not consider Origin—
Destination trips. One development of the proposed model could be to take into account two directions at least for each stop, to have
a finer approach in the recommendation for service reinforcement for instance, and answer questions like: Is it better to implement
bridging buses towards the city center or terminal stops of a subway line?. In addition, if PT operators would like to implement such a
model for real-time operations, some adjustments would be needed to switch from an off-line to on-line detection model. Data should
be considered time-wise, and using lagged variables or deep learning models such as Long-Short Term Memory (LSTM) might be
more appropriate to build a proper on-line detection model. Moreover, since deep learning models are also proven efficient for
short-term forecasting (Pasini et al., 2022; Wang et al., 2023), further works could investigate the relevance of integrated models,
executing both detection and forecasting tasks. In addition, comparing SHAP values between different models, having different
distributions of binary target variables can lead to serious issues when interpreting the data (e.g. the issue of uninformative stops).
We assume in this study that the data is representative of the distribution of disruptions because we use a large dataset (i.e. 3 years
of 5 min time series for 39 subway stations and more than 500 alternative stops), but this assumption needs to be permanently
verified and actualized in the view of an operation use of this model. For instance, although SMOTE does not improve the detection
performance, it could be used to reach similar levels of contamination rate for each station and therefore have more comparable
results. Finally, the short-term approach introduced in this study could be complemented with a longitudinal analysis of individual
long-term adaptation. Being repeatedly exposed to disruption, in the context of infrastructure projects for instance, could durably
change PT users’ behaviors. Moreover, the use of multimodal data could greatly improve the understanding of these changes over
time, as shown by Shateri Benam et al. (2025).

The detection framework proposed in this work is fully replicable for PT network having tap-in validation systems and access
to SD-logs. Particular attention should be paid to the selection of alternative stops through the choice of the distance threshold.
The procedure defined in Appendix B is also replicable to determine the distance threshold in any PT network. Further works could
investigate the opportunity to have a variable distance threshold, which might more adapted to different urban contexts, having
different local stop density for instance.
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Appendix A. Parameters tuning

For each station, a grid search analysis has been performed, taking five parameters into account, namely the type of model
(RF, BRF), the SMOTE rate (0.00, 0.05, 0.10, 0.20), the minimum number of elements that a terminal node — also called a leaf - is
allowed to contain (min_samples_leaf ), the minimum number of elements that a node is required to have to split it (min_samples_split),
and the number of trees in the RF. The grid search is performed using a five-fold cross-validation procedure on the train set. The
resulting model performances have been stored and displayed in Fig. 7.

Figs. 7(a) and 7(b) show that attempts to rectify data imbalance did not significantly change the model performance, as curves
overlap for each modality of the parameters considered. Figs. 7(c) and 7(d) show that the best performance is reached for lowest
values of min_sample split (=2) and min_sample_leaf (=1). The number of trees was set to 200, as no significant gain in performance
was observed after this threshold. Fig. 7(e) shows a use case for station Debourg (DEB).

Finally, for computational efficiency, the following parameters have been chosen: model = RF, SMOTE rate = 0.00, and number
of trees = 200.
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Appendix B. Sensitivity to distance

Considering the 520 alternative stops of the study, the distribution of unlikely validations according to the distance to the closest
disrupted subway station is shown with blue dots in Fig. 8. This distribution is approximated by a negative exponential function,
we can be described as follows :

Fx)=ae™™ +¢ (11

The best regression is associated with the following coefficients: a = 0.12, b = 6.00, and ¢ = 0.015. The corresponding R-squared
value is R? = 0.87.

In accordance with the value found in the literature (Egu and Bonnel, 2020), the buffer distance is set to 600 m, where the
regression curve also starts to reach a plateau, meaning that the number of least likely validations does not increase after this
distance threshold.
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