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A B S T R A C T

Predictions on Public Transport (PT) ridership are beneficial as they allow for sufficient
and cost-efficient deployment of vehicles. On an operational level, this relates to short-term
predictions with lead times of less than an hour. Where conventional data sources on ridership,
such as Automatic Fare Collection (AFC) data, may have longer lag times and contain no travel
intentions, in contrast, trip planner data are often available in (near) real-time and are used
before traveling. In this paper, we investigate how such data from a trip planner app can be
utilized for short-term bus ridership predictions. This is combined with AFC data (in this case
smart card data) to construct a ground truth on actual ridership. Using informative variables
from the trip planner dataset through correlation analysis, we develop 3 supervised Machine
Learning (ML) models, including k-nearest neighbors, random forest, and gradient boosting. The
best-performing model relies on random forest regression with trip planner requests. Compared
with the baseline model that depends on the weekly trend, it reduces the mean absolute error
by approximately half. Moreover, using the same model with and without trip planner data,
we prove the usefulness of trip planner data by an improved mean absolute error of 8.9% and
21.7% and an increased coefficient of determination from a 5-fold cross-validation of 7.8% and
18.5% for two case study lines, respectively. Lastly, we show that this model performance is
maintained even for the trip planner requests with prediction lead times up to 30 min ahead,
and for different periods of the day. We expect our methodology to be useful for PT operators
to elevate their daily operations and level of service as well as for trip planner companies to
facilitate passenger replanning, in particular during peak hours.

1. Introduction

Predicting public transport (PT) ridership is vital to address the increasing passenger demand (Van Oort et al., 2016; Noursalehi
et al., 2018; Hao et al., 2019). It allows operators for allocating vehicles sufficiently and cost-efficiently, which improves passenger
satisfaction and leads to a higher level of PT service (Pel et al., 2014; Ohler et al., 2017). On an operational level, this prediction
needs to be realized in the short term with less than an hour.
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Until now, such short-term passenger demand predictions have typically used Automatic Fare Collection (AFC) or Global System
or Mobile Communications (GSM) data. Research has widely shown that AFC data are useful in predicting short-term passenger
emand with different techniques, such as elasticity model (Van Oort et al., 2015), interactive multiple model (Xue et al., 2015),
nd Machine Learning (ML) models (Ding et al., 2016; Zhou et al., 2016; Liu and Chen, 2017; Ma et al., 2019). Such datasets,
owever, are collected over days and do not depict the variability in short-term (i.e., from real-time up to 30 min) ridership
atterns (Pelletier et al., 2011; Van Oort et al., 2015). Instead, transit information can also be collected in real-time using mobile
hone data, which is essential for representing, analyzing, and planning the PT system (Elias et al., 2016). De Regt et al. (2017) fused
SM data with smart card data (retrieved from an AFC system) to reveal the spatial and temporal pattern and to offer insightful
obility patterns from strategical and tactical levels. The same methodology was also seen in the passenger flow measurement of

he Paris metro (Aguiléra et al., 2014). Similar to the short-term ridership prediction, some studies expounded upon short-term
rigin–Destination (OD) prediction with AFC data (Liu et al., 2019; Zhang et al., 2021) or short-term bus arrival prediction with
utomatic Vehicle Location (AVL) data (Pang et al., 2019; Liu et al., 2020).

Nevertheless, these data sources (AFC, AVL, and GSM) are all realized data, which means that they are always logging data or
y definition historical data such that they do not contain the intention of traveling. It is valuable to have data on travel intention
n ridership prediction before the trip is executed, which AFC and GSM (regardless of their lag time in data availability) fail to
ccomplish by themselves. This intention can be captured in data from trip planner apps, especially since the data can be available
n near real-time. Applications that make the collection of planner data available, provide integrated travel information to its users,
hich helps users realize their travel needs and brings in convenience and flexibility (Ferreira et al., 2017). Thus, as a proxy,

rip planner data provide the same granular level of spatial and temporal information about possible trips equal to the smart card
ata (Ferreira et al., 2017), implying the possibility of their combination for predicting ridership. Since users do not have to realize
heir trips for data to be aggregated, their intents of a trip are lodged in real-time and collected through digitized apps (e.g., 9292.1)

The proliferation of this kind of trip planner app offers a unique opportunity to combine trip planner data and smart card data,
which could potentially cater to the substantial interest of operators in matching the vehicle supply and passenger flow demand on
an operational level.

In this paper, we investigate how trip planner data in combination with smart card data can be utilized for predicting short-
term ridership. In particular, whether the travel intents inherently stored in the trip planner data can improve the effectiveness
of short-term ridership prediction. The trip planner data are provided by 9292 in conjunction with the smart card data and AVL
data offered by OV-bureau Groningen Drenthe (regional PT authority) to predict the short-term ridership on two case study lines
in the provinces of Groningen and Drenthe (in the Netherlands) during October 2019. Moreover, we design three baseline models
without trip planner data and three supervised ML models with trip planner data to predict short-term bus ridership and compare
the performance of the models. By comparing with the baseline models, we prove that the ML models can help PT operators renew
their current models and the incorporation of trip planner data can improve the prediction on top of the smart card data. Using
the model performance scores, we further infer the role of trip planner data in the short-term prediction of ridership patterns using
variables such as trip request with lead times (real-time to 10, 15, 30 min ahead), variability across a day and in space, day type, and
line characteristic. Trip planner data contribute to the best-performing model with a feature importance up to 50%, and this model
can reduce the mean absolute error by approximately half, compared to the baseline model based on the weekly trend. Furthermore,
this model performance is maintained for prediction lead times up to 30 min ahead in the trip planner requests, and for different
periods of the day. The contribution of this paper lies in analyzing the added value of including a novel data source, namely travel
planner requests, in a short-term bus ridership prediction method. Hence, we aim to be complementary to other studies where the
many state-of-the-art ML methods themselves are reviewed and analyzed (see e.g., Bhavsar et al., 2017; Veres and Moussa, 2020;
Xie et al., 2020).

The remainder of this paper is organized as follows: We describe our problem in the following Section 2. Then, the data and
methods used in this study are presented in Section 3. Next, we analyze the results of the models for ridership prediction (Section 4).
In Section 5, we present our reflections and provide avenues for future research. Lastly, Section 6 draws the main conclusions. More
details of the methodology and additional cases can be found in Wang (2020).

2. Problem description

This study seeks to test the usefulness and the effectiveness of trip planner data in short-term ridership prediction in combination
with smart card data so that PT operators can cope with the sudden variation of passenger influx by properly maneuvering the vehicle
supply with the potential passenger demand. Herein, we define the temporal prediction horizon from real-time to 30 min as short
term, and in the remainder of the paper, we refer to the short term for any prediction up to 30 min. This time span is feasible for the
trip planner undertakings to update the information and notify the potential crowdedness level for PT operators to dispatch rolling
stocks whilst facilitating the route choice of passengers.

The spatial scope of our research is specified as the on-board passenger per trip per section, i.e., from stop to stop. Therefore,
the trip planner and the smart card data are collected on an OD level. Namely, both smart card transactions and trip planner
requests are presented with a single trip and with a certain traveler. However, no information entailing the subscription type and
the background of the traveler is presented, nor it is possible to link the trip planner user with the smart card owner due to privacy

1 A PT travel information company based in the Netherlands, covering all PT modes - https://9292.nl/.
2
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concerns. Normally, the collection of AFC data takes days, and thus we assume the ridership last week and the historical average of
the trip are readily available, except for one baseline model where we take the ridership of yesterday into account. In contrast, we
envisage that trip planner data retrieving has no delay as fetching data from a real-time Application Programming Interface (API)
is comparably fast and straightforward.

Summarizing the objective, the contributions of this paper are fivefold:

• For the first time, the emerging and novel data source – trip planner requests – has been explored and investigated in a
short-term ridership prediction model.

• We extensively analyzed the dimensions in the trip planner data and its correlation with observed ridership from the AFC data
in the short term.

• We develop several interpretable, machine-learning prediction models with and without the trip planner data, and investigate
their performance on two different bus lines in the Netherlands with different characteristics.

• Results highlight that the best-performing model with the trip planner data feature importance of up to 50% can reduce
the mean absolute error by approximately half, compared to the baseline model based on the weekly trend, which is the
current prediction model used by the public transport authority. Compared with the same model without trip planner data,
the inclusion of trip planner requests decreases the mean absolute prediction error by 8.9% and 21.7% and an increased
coefficient of determination from a 5-fold cross-validation of 7.8% and 18.5% for two case study lines, respectively.

• The prediction model performance with trip planner data is maintained for prediction lead times up to 30 min head in the
trip planner requests and for different periods of the day, in particular during peak hours.

3. Data and method

This section first explains the data for a better understanding of the rest of the paper, including context, data description, and
ata analysis (Section 3.1). Then, it presents the different components of the method: the baseline models without trip planner data,
he correlation analysis for variable selection, the ML models for ridership prediction with trip planner data, and the evaluation
riteria, along with the feature importance analysis (Section 3.2).

.1. Data

rip planner. In this study, we use the trip planner data from 9292. 9292 is an interactive trip planner, established in 1992, the
etherlands. It is notably the biggest one in the country and with the largest market share of approximately 46%2 so that it is a

representative set against the other competitors such as NS (Nederlandse Spoorwegen, the main railway operator), Google Maps,
and ANWB (Royal Dutch Touring Club).

Every day, it has 600,000 active devices with 4 to 5 requests per device on average, resulting in around 3 million requests per
day.3 It provides local information of the Netherlands and includes PT information of all modes such as bus, metro, train and light
rail, which matches the interest of this study. The users can access such a trip planner either through a mobile app, tablet app
or a web browser. With the filled-in information of origin, destination, and preference, the planner searches the database for the
transport supply and provides the most suitable and possibly multi-modal trip alternatives with the corresponding temporal and
spatial details. It can also provide the predicted arrival time of a transit vehicle at a stop as real-time transit information. Hence,
it could benefit passengers by reducing waiting time and correspondingly increase the ridership of transit as a result of elevated
transit service and perceived personal security (Brakewood and Watkins, 2019).

Case study. We apply our methods on two bus lines — Qliner 300 (inter-city, fewer stops, 54 to 56 min scheduled journey time
from terminal to terminal, scheduled shortest headway 12 min,4) Q-link 1 (inner-city, connecting multiple important locations,
including a hospital and campus, 23 min (off-peak hours) or 27 min (peak hours) scheduled journey time from terminal to terminal,
30-min headway) in region Groningen and Drenthe, two provinces in the northeast of the Netherlands, covering a total population
of 1,076,157 and an area of 5640 km2. For two more case study lines (inter-city service with multiple stops and city-village shuttle),
readers are referred to the study by Wang (2020).

The selected region is suitable for this study as bus is the only local mode there, and bus users are much more inclined to be
mobile app users, compared to train users as the timetable is not frequently adjusted (Mulley et al., 2017). Besides, Mulley et al.
(2017) concluded that age has a strong negative impact on the usage of the trip planner and more than half of the population of
Groningen and Drenthe are below 45 years old, which is appropriate for this study.

2 9292 hires Newcom to estimate the market share in 2019: https://www.newcom.nl/.
3 9292 hires Flurry to measure the number of unique devices per day on which the app is used at least once: https://www.flurry.com/.
4 The headway varies, depending on the day type and the times of the day, for details, see Wang, 2020.
3
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Fig. 1. Comparison of the request number with different prediction lead times per line and per period.

Data description. This study utilizes the smart card and trip planner data in October 2019. During this period, there was a public
holiday for schools from 19th to 27th in the case study region, which influenced the travel of students, teachers, and other
school-related jobs.

The trip planner data contain four parts, namely stops, modality, answer, and question. A question is the recording of a trip
request (desired point-to-point travel information) while an answer is the trip advice accordingly. Only the answer with the least
travel time is recorded in the trip planner dataset, and user ID, IP, and location tracking are not available.

The smart card data are retrieved from the nationwide AFC system, using tap-in and tap-out technology (see Van Oort et al.,
2016 for a full description). The smart card data are split into trips, namely a tap-in and tap-out of a single leg of a journey with
the corresponding spatio-temporal details. However, it is not possible to distinguish the user ID nor the user type as we have no
information on the card number and subscription type.

Data cleaning is conducted before the analysis to handle inaccurate recordings, duplicates, and special arrangements of the trips.
Both the trip planner and smart card data do not entail the trip number (vehicle recording), and they do not have standardized
systems for the stop numbers or names. Thus, we have to map the ridership and requests onto the vehicles based on the AVL
data and stop names. This leads to around a 5% loss of trip planner data and a 3% loss of smart card data, which is insignificant.
Consequently, there are 26,544 rows of data for Qliner 300 and 39,258 for Q-link 1. For further details on the data cleaning process
and results, see Wang (2020).

Data analysis. In order to unveil the usefulness of trip planner data with a certain prediction lead time, we measure the difference
between vehicle start time and requested travel time of passengers. The number of requests generally drops with the increase of the
prediction lead time in every case study line as shown in the left part of Fig. 1. People prefer asking for route advice 10 to 30 min
before their trip. Most requests are sent within a prediction lead time of an hour, and the number of requests drops considerably
when the prediction horizon is longer.

It is intuitive that during different periods of the day, people behave differently while using such a trip planner. We differentiate
these periods and cluster them into four groups with the same time horizon of 6 h. The right part of Fig. 1 testifies that people plan
their trip at least 8 h before the trip during the night but remain roughly the same behavior for the other three periods.

As Fig. 2 indicates, the average number of ridership per line is mostly stable during weekdays, whereas a significant negative
influence on the ridership and trip planner requests can be seen on weekends and holidays. Particularly, we observe a high standard
deviation of the ridership in every case study line from the density plot of Fig. 2 due to the holidays and the Fridays before the
weekends. This phenomenon means that the ridership numbers are spread out within our temporal scope and match the findings
in the literature, such as Chiang et al. (2011), Karnberger and Antoniou (2020). However, there is no accident/breakdown, nor
special/social events in the case study that could affect ridership as the literature suggests (Pereira et al., 2015; Li et al., 2017; Tao
et al., 2018). Additionally, the difference in ridership pattern over the day of the week is not dramatic. On the contrary, spatial
characteristics are considerable, which is again in line with the literature (Chakour and Eluru, 2016; Ding et al., 2016). The busy
corridors with respect to ridership are usually railway stations, Park and Ride (P+R) stops, business areas, or city centers. The
average ridership of each trip in the case study is mostly below the seating capacity. However, it is the busy trips during peak hours
that lower the level of service. This implies the potential benefits of improving comfort for those crowded trips.

The scatter plot of trip planner requests and ridership and the histogram of ridership are derived on a section level per line
shown in Fig. 3. For the two case study lines, the distributions of request and observed ridership follow the same trend whereas
4
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Fig. 2. Distribution of ridership and requests over days in October.

Fig. 3. Scatter plot of ridership and requests and histogram of ridership on a section level per line.

there are more data points that lie above the line, which means that the number of requests is generally larger than the ridership
for a given trip, i.e., the realized trips. Besides, several outliers lie beyond the line remarkably, in particular for Q-link 1. Therefore,
a linear relationship between them is hard to find.

There could be multiple reasons that lead the number of requests per person/device to be higher than the actual number of
passengers on-board and we summarize the generic ones as follows: (1) searching trip advice multiple times; (2) checking trip advice
that were looked up before; (3) investigating the PT timetables or disruptions; (4) seeking new trip advice due to an unrealizable
current one; (5) maintaining or testing by the trip planner company. It also could be other causes, depending on the situation.

Moreover, the histograms of ridership for both case studies are right-skewed, which means that we have an imbalanced
distribution on the target that we want to predict. If we calibrate the ML model by randomly sampling from these observations
of ridership, the minimization of errors under less crowded conditions will naturally outweigh that of crowded conditions. This is
not necessarily optimal if PT operators may wish to prioritize the predictions for crowded situations. This kind of issue is prevalent
in many domains within predictive tasks (Branco et al., 2017). In Section 3.2, we propose an approach to capture the rarest and
relevant cases equally as the majority.

3.2. Methodology

Trip planner data emerge as a new type of big data that could be leveraged to help transport operators forecast the passengers
on-board. A thorough investigation into the prediction model with trip planner data is essential to deepen the understanding of how
and to what extent it could help ridership prediction, not just a ‘‘black box’’ predictive modeling. Our model formulation is based on
a five-step approach using four types of supervised learning (including one baseline model) and two state-of-the-practice baseline
models without trip planner data that emphasizes its effectiveness. A flow chart with a brief description of each step is presented
in Fig. 4.
5



Transportation Research Part C 142 (2022) 103790Z. Wang et al.
Fig. 4. Overview of the main research question and the proposed method.

First of all, three types of data have been introduced, cleaned, merged, and analyzed as above-mentioned. We unveil the user
behavior and preference based on the data analysis to understand the effective prediction lead time. Moreover, we also observe
the spatio-temporal influence on the ridership and the trip planner requests. By deriving the scatter plot of ridership and planner
requests, there is a positive correlation between the actual passenger number on-board and the trip request asked in advance on a
section level.

Second, the input variables are as important as the model itself for any ML model. The selection of variables would always be
an iterative process to reach a higher model performance. We start with the variables based on the literature and data analysis.
Then, a hypothesis test followed by a correlation analysis is performed to test the correlation between a specific variable and
ridership (target). The insignificant variables are kept out to avoid redundancy. The target variable – ridership – is obtained from
the AFC system, while we get the other input variables from datasets, including the AFC system, AVL system and trip planner request
database.

Third, we establish three baseline models and three supervised ML models with trip planner data. The first baseline model is
currently being adopted by PT operators. In such a model, the ridership of this week is estimated by the ridership of last week.
The second one uses a multiplier to ridership to capture the weekly trend. This multiplier is calculated by the ridership of the day
before divided by the ridership of the day before from last week. The last baseline model is the best-performing ML model among
the chosen ML models without trip planner data. In particular, it only uses the AFC and AVL data, which a PT operator possesses.

There are four learning paradigms in ML, namely supervised, unsupervised, semi-supervised and reinforcement learning. We choose
supervised learning in this study as it uses labeled training datasets to build the model and maps an input to the desired output
based on example input–output pairs. For other paradigms, readers are referred to the work of Sarker (2021). Both regression and
classification have been extensively applied for ridership prediction problems (Chiang et al., 2011; Xue et al., 2015; Ding et al., 2016;
Zhou et al., 2016; Ohler et al., 2017; Karnberger and Antoniou, 2020). In this paper, we aim to forecast the number of passengers
on-board in a specific section. It is a continuous quantity and is, therefore, a regression problem.
6
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There are numerous models for regression, and there is no single model that can be the best for every scenario. Among the
upervised models, we turn to more interpretable models suggested by Molnar (2022) because they can explain themselves so that
e can know the importance of trip planner data in such a model. We decide to include the following interpretable ML models:
-nearest neighbors regression (k-NNR), random forest regression (RFR), and gradient boosting regression (GBR). Furthermore, we first

randomly split the data into two instances (i.e., training data and test data) with the 80/20 rule as a rule-of-thumb, also known as
the Pareto Principle. The dependent variable (i.e., ridership) and independent variables (i.e., other input variables) have thus been
assigned into two independent subsets, one for training and the other for testing. Then, we also split the data into different ratios,
namely 90/10, 70/30, and 60/40. Different training/test strategies result in a stable outcome. Moreover, we report the results from
the cross-validation to provide findings on the unbiased estimate of the model performance. For this reason, we mainly present the
results from the 80/20 train-test split in the following section if not specified. After the split, 21,235 and 5309 rows of Qliner 300
data, as well as 31,406 and 7852 rows of Q-link 1 data, are for the ML models training and testing, respectively.

Fourth, we calibrate the model with a combination of oversampling and undersampling strategies. For quality and control
reasons, a PT operator is typically more interested in crowded trips than quiet ones. Nonetheless, those trips are poorly represented
by the data as they are rare in the observations. The conjunction of preference (crowded cases) and imbalance (more observations
on the less crowded conditions) causes a degradation of the performance of the most desirable instances (Fernández et al., 2018a).
The learning methods that we have chosen for this study (k-NNR, GBR, and RFR) do not give equal importance to the minority class
as the majority class. Therefore, we resample the training data to tackle this issue (He and Ma, 2013). We randomly undersample the
majorities and oversample the minorities by applying the Synthetic Minority Oversampling Technique (SMOTE) proposed by Chawla
et al. (2002). SMOTE creates new instances of a minority class by using a k-NN approach. A random number of original observations
are chosen and for each of their K neighbors, a new sample is created as a linear combination of the initial observation and its
neighbor. Chawla et al. (2002) and Fernández et al. (2018b) indicate that a combination of SMOTE and undersampling performs
the best.

Tuning hyperparameters of non-parametric regression algorithms (such as k-NNR, GBR, and RFR) is of importance because they
do not rely on the assumed shape or parameters of the underlying population distribution. To this end, we perform nested k-fold
cross-validation to calibrate the model and investigate the robustness of the model as this technique is able to avoid information
leakage and significant bias, caused by applying k-fold cross-validation twice (Cawley and Talbot, 2010). Normally, the dataset
is recommended to split up into k-partitions — 5 or 10 partitions as a rule of thumb (James et al., 2021). In the nested cross-
validation, we implement stratified 5-fold cross-validation in the inner loop to equally capture the class while random permutation
5-fold cross-validation is adopted in the outer loop to approximate the reality (Kuhn and Johnson, 2013).

Lastly, we assess the model on a section level using the following metrics: mean absolute error (𝑀𝐴𝐸), root mean square error
(𝑅𝑀𝑆𝐸), coefficient of determination (𝑅2), and 𝑅2 from cross-validation (Handelman et al., 2019). We also explore the importance
of the chosen features in the best-performing model. Feature importance measures the relative importance of each feature when
making a prediction by assigning scores to the input features (Kuhn and Johnson, 2013). In this study, we practice this technique to
discover and quantify the usefulness of trip planner data. For k-NNR, GBR, and RFR, permutation feature importance can be utilized.
This is computed by measuring the decrease in a model score when a single feature value is randomly shuffled (Breiman, 2001).
Although it considers the interactions among features, it is computationally efficient and facilitates interpretation. For tree-based
models, we also could use mean decrease in impurity (MDI) to investigate the feature importance. This method is easily understandable
and computationally light, even though it is purely based on the training dataset and tends to inflate cardinality features (Louppe,
2014). The performance evaluation continues with comprehensive residual analysis from the aspects of over- and under-estimation
and per temporal attribute. We wrap up the analysis with an investigation into the model performance with various prediction lead
times in trip planner requests and during different periods.

4. ML models for ridership prediction with trip planner data

To predict the ridership on the section level, we begin with illustrating the selection of variables and present the correlation
matrix calculated from the variables in Section 4.1. Next, Section 4.2 discusses the model calibration, including sampling design
and model tuning. After that, we compare the model performance by the metrics in Section 4.3. Due to the potential interest of peak
hours by any PT operators, we also present the model performance during congested periods in Section 4.4. Finally, Section 4.5
analyzes the best performing model further.

4.1. Correlation analysis and variable selection

Based on the data analysis and the literature, we list the variables considered on the section level in this study in Table 1. Other
than the request-related variables, other variables have been exhaustively studied and proven their profoundness in the literature.

We derive the historical average of ridership and requests per trip based on the one-month smart card and trip planner data as this
average number does not change substantially unless there is a service change or a huge and long-lasting incident. Furthermore,
there are 50 sections coded as dummy variables for the two case study bus lines. We include the day of the week but are not
considering each day of the week since it is not significant as aforementioned (Section 3.1). For the baseline ML model, we exclude
all request-related variables from the list. Additionally, we put variables with prediction lead time into models in pairs. For instance,
request and request_var would be a pair to see how the model performs when we have all the trip planner data available, while
7
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Table 1
List of variables in ML ridership prediction models with trip planner data on the section level.

Variable Explanation Category Unit/Coding

Ridership (target) The passengers on-board per
section per trip Numerical Person

Ridership_mean The monthly average of ridership
per trip Numerical Person

Holiday The autumn holiday Categorical One-hot encoding

Requesta The trip requests per section per
trip Numerical Record

Request_mean The monthly average of requests
per section per trip Numerical Record

Request_vara
The section-level variance of
requests, compared to the
request_mean per section per trip

Numerical Record

Day_of_week Weekday or weekend Categorical One-hot encoding

Section The section that a vehicle
traverses during a trip Categorical One-hot encoding

Direction The direction of a trip Categorical One-hot encoding

Time period Morning peak or evening peak or
off-peak hours Categorical One-hot encoding

Ridership_last_week
The passengers on-board of the
same trip last week per section
per trip

Numerical Person

Request_10a The trip requests that are sent
10 min ahead per section per trip Numerical Record

Request_var_10a

The section-level variance of
requests that are sent 10 min
ahead, compared to the
request_mean per section per trip

Numerical Record

Request_15a The trip requests that are sent
15 min ahead per section per trip Numerical Record

Request_var_15a

The section-level variance of
requests that are sent 15 min
ahead, compared to the
request_mean per section per trip

Numerical Record

Request_30a The trip requests that are sent
30 min ahead per section per trip Numerical Record

Request_var_30a

The section-level variance of
requests that are sent 30 min
ahead, compared to the
request_mean per section per trip

Numerical Record

aVariables with this symbol will be put into models in pairs, e.g., request and request_var.

when the prediction is performed for further ahead in time. Note that the variable ‘‘time period’’ means the morning (weekdays,
6:30 to 9:00 AM) or the evening peak (weekdays, 4:00 to 6:30 PM), or the off-peak hours, according to the Dutch principle train
operator NS.5

With the considered input variables, we first run a two-sample T-test to determine whether there is statistical evidence that shows
the associated population means are significantly different. Since we are only interested in the relationship between ridership and
other variables, we run the test in pairs with the ridership. The result shows that only ridership and the historical ridership come
from the same population, which is rational. All other variables and the ridership are statistically different with a zero 𝑝-value.

After the hypothesis test, the correlation matrix based on case study lines is presented in Fig. 5. Note that we have excluded
the visualization of the variable ‘‘section’’ because of its overwhelming number. It shows the normalized spread and deviation by
the variance on the diagonal and the dependency between two variables by the normalized covariance in other cells. In this way,
variables with different units and scales become comparable. Before normalizing, the variance of ridership has a large span as high
as 125.42, which means the prediction is valuable. As a predictor variable, the variance of requests also shows a high value of
240.12, which indicates that a better regression model can be expected.

The most influencing factors are ridership-related and request-related. The largest three positive correlations are seen in the
monthly average of ridership, the number of requests, and the ridership of last week. It confirms that the logged smart card data is

5 https://www.ns.nl/binaries/_ht_1449754213072/content/assets/ns-en/22471_nsr_brochure_travelling_by_train_a5.pdf
8
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Fig. 5. Correlation matrix on the section level.

a sound basis for ridership prediction and the potential of using trip planner data for predicting ridership based on a strong positive
correlation between the ridership and requests. Moreover, almost all covariances of trip planner variables with prediction lead times
are strongly positive, except for the variance of request with a 30-min prediction lead time. This indicates that the travel purpose and
behavior do not change drastically when we consider further ahead in time. It is worthwhile noticing that this correlation decreases
continuously when we focus on further ahead in time. However, we also see that both line characteristics and temporal variables
have unexpectedly small correlations. This implies that temporal and spatial influences on ridership are marginal and could already
be inherently reflected by the historical smart card data or the request-related variables, such as the variance and the mean. But we
keep those in the prediction model as extensive literature proves their influences (Chiang et al., 2011; Xue et al., 2015; Chakour
and Eluru, 2016; Ding et al., 2016; Ohler et al., 2017; Karnberger and Antoniou, 2020).

4.2. Model calibration

We develop a pair-wise study with 4 undersampling and 6 oversampling strategies on Random Forest Regressors to seek the
optimal combination. The Random Forest Regressor is chosen as it tends to focus more on the prediction accuracy of the majority
class, which often results in low accuracy for the minority class (Khoshgoftaar et al., 2007). Fig. 6 presents the min–max scaled 𝑅2

results of sampling design of each case study line through 5-fold cross-validation. From a maximizing model calibration perspective,
an oversampling ratio in the interval 1–1.5 without undersampling is found to be optimal from both case study lines through a 10-
time experiment. Since PT operators are more concerned with the congested cases, we therefore have a slight preference towards
9
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Fig. 6. Evaluation of different sampling designs per line.

the upper end of the interval. For that reason, we choose a value of 1.5 for oversampling to make the representative groups more
profound.

Given the optimal sampling design, we present the optimal hyper-parameters in Table 2 for both bus lines. 𝑅2 of the training
dataset is optimized by cross-validated grid-search over a pre-defined parameter grid. For tree-based models, a process called
regularization can help to use hyper-parameters to control the structure of the decision tree-based models. As for k-NNR, the only
hyper-parameter we need to tune is the nearest K, which is calculated by conducting a sensitivity analysis of different K based on the
Euclidean distance. Besides, we observe that the parameters obtained in each fold do not vary dramatically when calibrating. This
means that this type of model does not require regular retraining, unless there is a change of travel or trip planner user behavior,
e.g., PT service change or pandemic.

4.3. Model performance: comparison of models

With the tuned hyper-parameters of the models and the optimal resampling strategies, we present the overall performance of the
prediction models of Qliner 300 and Q-link 1 in Tables 3 and 4, respectively. Note that the resampling strategies are only executed
on the training data, whereas the model evaluation is carried out against unsampled test data.

Compared to the baseline model that PT operators currently adopt, ML models have effectively elevated the prediction
performance. In particular, the results from the RFR without trip planner data have already improved the model by half on average.
For the baseline model with weekly trend, the performance was shockingly low with negative 𝑅2 values. It means that a simple
mean would work better than these two models, which indicates the failure of these models to find any meaningful relationship
between the input and output.

Regarding the ML models with trip planner data, RFR outperforms the others, as shown by every dimension in the metrics in
both cases. The 𝑅2 from repeated random 5-fold cross-validation of Qliner 300 tells that the GBR has almost the same score as
RFR. However, RFR outperforms GBR by the other three metrics. For Q-link 1, RFR significantly improves the prediction accuracy
compared to other models. Most importantly, both GBR and RFR with trip planner data outrun the baseline RFR that does not
contain trip planner data, particularly in the Q-link 1 case. Compared with the RFR without trip planner data, the inclusion of trip
planner data improves the prediction model performance by around 7.8% for Qliner 300 and 18.5% for Q-link 1, reflected by the 𝑅2

from cross-validation. Given the baseline RFR model has already significantly enhanced the short-term prediction, the incorporation
of trip planner data undeniably further improves it. Additionally, the prediction performance also increases with the abundance of
data.

Figs. 7 and 8 show the scatter plots of the predicted and actual values of Qliner 300 and Q-link 1, subsequently. ML models
can mostly capture quiet trips as well as beat the baseline models for busy trips. Notwithstanding, we observe the existence of
heteroscedasticity as all models have higher average error and bias along with the rise of ridership. When the value of ridership is
low, all models can function efficiently, where GBR tends to overestimate the prediction and k-NNR tends to underestimate while
RFR is relatively neutral. Comparing the RFR model with trip planner data and the baseline RFR without trip planner data, the
magnitude of the error is lower, indicating a better capture of the variation of the ridership in using such data. It is worth mentioning
that by using trip planner data, a much more reliable prediction can be expected in the busy trips since the magnitude of average
prediction error decreases by approximately 20 persons for Qliner 300 and roughly 30 persons for Q-link 1. This prediction area is
also conjointly focused by PT operators.
10
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Table 2
Optimal hyper-parameters of the non-parametric models.

Qliner 300 Q-link 1

GBR

learning_rate = 0.01
n_estimatorsa = 12000
max_depthb = 4
min_samples_splitc = 2
min_samples_leafd = 3
subsamplee = 1
max_featuresf = 10

learning_rate = 0.02
n_estimators = 23000
max_depth = 4
min_samples_split = 2
min_samples_leaf = 10
subsample = 1
max_features = 15

k-NNR n_neighborsg = 14 n_neighbors = 10

RFR without trip planner data

bootstraph = True
n_estimators = 1000
max_depth = 18
min_samples_split = 2
min_samples_leaf = 8
max_features = 12

bootstrap = True
n_estimators = 800
max_depth = 40
min_samples_split = 2
min_samples_leaf = 3
max_features = 19

RFR with trip planner data

bootstrap = False
n_estimators = 800
max_depth = 18
min_samples_split = 2
min_samples_leaf = 4
max_features = 11

bootstrap = False
n_estimators = 1000
max_depth = 28
min_samples_split = 2
min_samples_leaf = 2
max_features = 18

aNumber of trees.
bThe maximum depth of a tree.
cThe minimal number of samples in a node for the node to be split.
dThe minimum number of samples in a leaf node.
eThe fraction of samples to be used for fitting the individual base learners.
fThe number of features randomly chosen as candidates for a split.
gNumber of neighbors to use.
hWhether bootstrap samples are used when building trees. If ‘‘False’’, the whole dataset is used to build each tree.

Table 3
Performance of short-term prediction models (Qliner 300).

Qliner 300 MAE (Person) RMSE (Person) R^2 R^2 from repeated random
5-fold cross-validation

Baseline 5.761 9.060 0.461 –
Baseline with weekly trend 10.721 30.408 −6.179 –
Baseline RFR without trip planner data 4.494 6.867 0.644 0.669
GBR 4.449 6.895 0.641 0.717
k-NNR 4.624 7.125 0.617 0.663
RFR with trip planner data 4.093 6.237 0.707 0.721

Table 4
Performance of short-term prediction models (Q-link 1).

Q-link 1 MAE (Person) RMSE (Person) R^2 R^2 from repeated random
5-fold cross-validation

Baseline 7.744 12.588 0.287 –
Baseline with weekly trend 9.920 26.071 −2.049 –
Baseline RFR without trip planner data 5.652 9.234 0.633 0.691
GBR 4.984 7.938 0.729 0.792
k-NNR 5.361 8.685 0.676 0.682
RFR with trip planner data 4.235 6.901 0.806 0.819

4.4. Model performance: comparison of models during peak hours

Due to the strong interest of PT operators, we also compare the selected models during peak hours as shown in Tables 5 and 6,
equentially. In spite of the type, the model performance drops during peak hours as the observations are fewer, and therefore the
orrelation between the selected variables and the ridership is hard to be captured. Among all the models, RFR with trip planner data
till outperforms noticeably. Compared with the baseline RFR without trip planner data, we see an improvement in the prediction
y 4.4% for Qliner 300 and 22.5% for Q-link 1 through measuring 𝑅2 from cross-validation. The elevation in prediction during peak

hours is more profound for Q-link 1 but less remarkable in Qliner 300. However, the inclusion of trip planner in GBR and k-NNR
is less significant compared to the overall performance. Whereas the other baseline models worsen to a large extend, ML models
11
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Fig. 7. Prediction vs. actuality plot of Qliner 300.

Table 5
Performance of short-term prediction models during peak hours (Qliner 300).

Qliner 300 MAE (Person) RMSE (Person) R^2 R^2 from repeated random
5-fold cross-validation

Baseline 7.744 12.215 0.389 –
Baseline with weekly trend 16.149 49.142 −11.286 –
Baseline RFR without trip planner data 5.550 8.528 0.650 0.662
GBR 5.574 8.819 0.626 0.680
k-NNR 5.916 9.271 0.587 0.636
RFR with trip planner data 5.399 8.430 0.658 0.691

Table 6
Performance of short-term prediction models during peak hours (Q-link 1).

Q-link 1 MAE (Person) RMSE (Person) R^2 R^2 from repeated random
5-fold cross-validation

Baseline 9.898 15.584 0.181 –
Baseline with weekly trend 14.553 47.181 −6.408 –
Baseline RFR without trip planner data 6.603 10.586 0.639 0.645
GBR 6.453 10.318 0.657 0.759
k-NNR 6.815 10.829 0.622 0.637
RFR with trip planner data 5.445 8.774 0.752 0.790

remain relatively stable. The results further support the usage of trip planner data in the RFR when the recorded historical data is
fewer.

4.5. Model performance: further analysis of RFR model

Residual analysis — over- and under-estimation. The best performing model – RFR with trip planner data – is used to investigate
the residuals, especially the over- and under-estimation of the prediction. Over- and under-estimation is of interest as they cause
12
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Fig. 8. Prediction vs. actuality plot of Q-link 1.

Table 7
Over- and under-estimation based on residual analysis of RFR with trip planner data.

Percentage 95th percentile absolute
error (person)

Average of top 5 percentile
absolute error (person)

Overestimation Underestimation Overestimation Underestimation Overestimation Underestimation

Qliner 300 46.450% 53.550% 11.557 13.730 18.022 20.186
Q-link 1 50.955% 49.045% 11.534 18.173 17.446 26.338

differences in the PT operations. Specifically, overestimation of ridership leads to wasted supply while underestimation results in a
lower level of service. The analysis of the over- and under-estimation with residuals of RFR is presented in Table 7.

Qliner 300 has more underestimation than overestimation and the difference between them is around 7%. Q-link 1 is rather
balanced with a similar percentage of over- and under-estimation of the ridership prediction. Both cases have a tendency to
underestimate the actual values, and this tendency is much more profound when we see the average of the top 5 percentile error.

Residual analysis — Times of the day and day type. The residuals of prediction vary with period and day type, and therefore we
present the correspondingly residual plots of Qliner 300 and Q-link 1 in Figs. 9 and 10. For Qliner 300, the model has a high
variance of residuals during both the morning and evening peaks with evening slightly higher. This matches the nature of Qliner
300 as it is a fast-service limited-stop line, and passengers flow into this line during peak hours, especially evening with a dispersed
passenger flow. This results in higher variance and predictive difficulty. The influence of non-uniform off-duty time during the
evening peak is much more significant for Q-link 1, in which the highest residual variance can be observed. The off-peak category
of both case study lines also presents a high variance in residuals because of the heteroscedasticity. This heteroscedasticity could
be from missing important independent variables (which we will discuss in the following section) or the data type that has been
applied in the study, for instance, the cross-sectional study that is applied in this paper. Concerning day type, the variance of the
weekday is higher than the weekends for both lines, which is in line with the rational passenger behavior.

Feature importance. We report the feature importance of RFR on Qliner 300 and Q-link 1 in Figs. 11 and 12, separately. Since RFR
is a tree-based model, both permutation feature importance and MDI can be applied to calculate the feature importance, and we
are able to compare the results from both approaches to gain a complete understanding of the feature importance. Thus, we carry
out the MDI feature importance on the training set and implement the permutation feature importance on the test set. Note that,
the trip planner requests in this scenario are without any prediction lead time.
13
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Fig. 9. Residuals of Qliner 300 per time of the day and per day type (RFR with trip planner data).

Fig. 10. Residuals of Q-link 1 per time of the day and per day type (RFR with trip planner data).

Fig. 11. Feature importance of Qliner 300 (RFR with trip planner data).
14
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Fig. 12. Feature importance of Q-link 1 (RFR with trip planner data).

Fig. 13. RFR model performance with different prediction lead times stored in the trip planner requests.

Regardless of the feature importance measurement method, the first five contributing features are the historical average of
ridership, the ridership of last week, the number of requests, the average number of requests, and the variance of requests. Consistent
with the literature, smart card data is undoubtedly the most critical data source. Specifically, the monthly average of ridership
is usually the most contributing variable. Notably, the request-related variables are essential in Q-link 1 where we see almost
50% importance on average. In particular, the MDI importance of Q-link 1 demonstrates that the number of requests supports
the prediction the most with approximately 35% of the importance score. In contrast, the total average of request-related variables
is only about 20% importance for Qliner 300. Still, at least one of the request-related variables often ranks within the first three
substantial variables, such as the average number of requests in the MDI importance and the variance of requests in the permutation
importance. In line with the correlation analysis, both temporal and spatial variables have low feature importance for the predictions.
We envision that the change in trip planner requests and historical ridership in our model already reflects the impact of spatial–
temporal factors. These factors strongly influence the number of requests and ridership as the data analysis indicates, but they
contribute less once we have a much more direct source in the prediction model, such as smart card data or trip planner data. Our
feature importance analysis also backs up the argument that the impurity-based feature importance can inflate the importance of
numerical features (Strobl et al., 2007).

Model performance with prediction lead times in trip planner data. We further analyze the performance of RFR with trip planner data
by using the same configuration and the same sampling design but with different prediction lead times in trip planner requests. In
other words, how the model performs with trip planner data that is further ahead of time, such as 10 min, 15 min, and 30 min before
the vehicle start time. Fig. 13 displays the number of requests per prediction lead time per scenario (inset), the model performance
based on 𝑅2 per scenario (solid line with circle marker), and the total feature importance of the request-related variables per scenario
(dashed line with star marker). In each scenario, the request-related variables contain the number, the monthly average, and the
variance of requests.

By using trip planner data with different prediction lead times, the performance of RFR remains practically stable. Although the
amount of data and the correlation between the request and ridership drop, the model functions essentially the same, reflected by
the 𝑅2 value. Among all scenarios with a prediction lead time of Qliner 300, the model with requests sent only 10-min in advance is
the best as it is the closest time to the vehicle start time, containing most of the up-to-date travel intentions. However, unlike Qliner
300, Q-link 1 has the scenario of 15-min ahead of time as the best-performing. It accordingly shows that people probably change
15
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Fig. 14. RFR model performance with the trip planner requests sent from different periods.

heir travel behavior when travel with such a line from 15-min to 10-min ahead. Thus, depending on the line characteristics, people
pt for using such a trip planner differently. Sometimes, when it comes close to the vehicle start time, it has an adverse effect on
he prediction model.

The further ahead in time, both the importance of request number and the average number of requests decrease. Nonetheless,
here is an increase in the importance of the request variance, which leads to the total feature importance of request-related variables
emaining the same.

odel performance with trip requests sent from different periods. The data analysis reveals that people behave differently during
ifferent times of the day when using a trip planner (Section 3.1). Thus, we execute the model again with the same optimal hyper-
arameters and sampling design, but we investigate the performance of RFR by leveraging trip requests sent from different periods.
ach period has the same horizon of 6 h, e.g., morning is from 4:00 to 10:00. Fig. 14 exhibits the results with the same layout as
ig. 13.

The model performance and the summed request-related importance have the same trend as the number of requests. The best
erformances are seen from 10:00 to 16:00 when the request number is the largest, compared to all the requests enclosed. Users
end very few requests at night (from 22:00 to 4:00), which is around 5% of all requests. But the performance does not degrade
ramatically. In contrast, it is during the evening (from 16:00 to 22:00) when RFR performance deteriorates for both cases. It means
hat during the evening, the relationship between the variables and ridership becomes more complicated. Concerning the feature
mportance of request-related variables, the request importance drops sharply when the number of requests is low. The role of
verage and variance of the request stands out more, while the number of requests tends to be less influencing.

. Discussion

In this study, we investigated how trip planner data can contribute to the short-term prediction of bus ridership and built 3
aseline models without trip planner data and 3 supervised ML models with trip planner data. We unveiled that the incorporation
f trip planner data can improve ridership prediction reliability, particularly in busy trips where observations are fewer. Trip planner
ata can provide feature importance up to 50% in the best-performing model (RFR), which can reduce the mean absolute error by
pproximately half, compared to the baseline model that is established by the weekly trend. However, in this section, we will discuss
he limitations and further opportunities for this research domain.

ata availability. Broader studies can be carried out if more information about trip planner data is available, and if the privacy
oncerns about the trip planner application can be reduced. It is unknown whether it is a single journey with multiple legs or a
roup of people traveling with one trip planner request. Therefore, if the user ID is available, we can reduce the underestimation
f trip planner’s importance. Moreover, knowing the alternatives provided for a piece of trip advice can be meaningful so that
e can study the user preference and behavior. Besides, distinguishing between the user type will be advantageous to understand

he travel preference among different kinds of travelers. Also, with this additional information, we can gain insights into how
ften different types of people make requests. Lastly, two types of events could significantly influence the ridership in PT, i.e., an
ccident/breakdown (which cannot be predicted) and predictive events (such as concerts, sports events, markets, school holidays).
n our data, we have a one-week school holiday, which lies in the scope of the latter, and 9292 has already been investigating
xtensively in this regard through correlation analysis. However, how could this type of data contribute to sudden events is not yet
ell understood.
16
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Partial observability. The AFC system has a penetration rate of approximately 93% in the Netherlands with both tap-in and tap-out
t the ticket machines. Only 5% of the passengers travel with a paper ticket, and 2% of the fares are evaded. This makes the smart
ard data a relatively comprehensive observation of the passengers on-board in our paper. On the other hand, the trip planner 9292
as a market share of roughly 46%. Although it is the most representative one in the Netherlands, there are also other competitive
ompanies and passengers who travel without using such an app, which means that only some part of the trip planner data correlate
ith the smart card data and consequently becomes partially observable. The penetration rate of the AFC system and the usage of

he trip planner are case-study specific. Hence, we recommend the PT operators to regularly and manually validate the ridership
bservation and the trip planner companies to be aware of the usage statistics for a more accurate ridership prediction.

ndogenous ridership data. We have derived the variable of the historical average of ridership based on the one-month smart card
ata, and we have used the same data source to acquire the prediction target in training and test data. In addition, the variable of
idership last week (i.e., ridership of the same trip at a specific section from last week) also comes from the same data, for which the
ime is sufficient for a PT operator to retrieve. We envisage that the monthly average number of ridership remains almost unchanged
xcept if the PT operators offer different services or a drastic operational incident occurs. Incorporating endogeneity may have biases
n the prediction results, and thus it is recommended to get the historical average based on other past months’ data or the same
onth last year when possible.

rror weighting and data imbalance. Note that if we calibrate the model based on a random sample from all observations, then
aturally the minimization of errors under regularly observed ridership conditions (e.g., less busy conditions) will outweigh the
inimization of errors under rarely observed ridership conditions (e.g., very busy conditions). This is not necessarily optimal from

he perspective of the PT operator who may wish to prioritize having good predictions specifically for irregular situations. This can
e solved (directly) by using error-weighting in the calibration process or (indirectly) by using non-random sampling. The latter
s applied herein, where the sparse data in the high-value domain is oversampled. The calibrated model is then evaluated with
he unbiased sample. The optimal sampling design was based on a pair-wise study with several oversampling and undersampling
trategies. From a maximum calibration perspective, the optimal interval lies in 1.0 to 1.5 oversampling without undersampling. In
his paper, we have a slight preference towards 1.5 due to the preference of PT operators. Aside from the popular sampling method
o deal with the imbalanced data that we have applied in this paper, future studies could also apply algorithm centered approach
r even hybrid approach as explained in Kaur et al. (2019).

nhancement of baseline models. Several failed models can be substantially improved, including the baseline model and the baseline
odel with the weekly trend (currently used in practice). First, missing recordings were notable, which results in a deterioration

f the model performance. Second, the baseline model with weekly trend was strongly biased due to the high weekly multiplier on
everal sections of last week. Smoothing can be added to elevate the model by considering the trip of yesterday or other factors.
egardless, this advises PT operators to renew their current prediction models.

nclusion of more significant variables. The inclusion of new significant variables should be considered for improving the predictions.
uring the residual analysis, we discovered that the existence of heteroscedasticity in the prediction. Since we have already

ransformed the variable, the other solution for improving it is to add more contributing variables so that the model can better
apture the relationship between the target and the independent variables. For instance, the two case studies in this paper are
ess frequent, and therefore a variable of headway is kept out, but further studies on frequent lines with a headway shorter than
2 min should perhaps consider this (Van Oort and Van Nes, 2009). Such as incidents or special events, these kinds of variable can
e incorporated into the model to better capture the variability of ridership during special times if applicable. From the desirable
ata perspective, user-related features could be added if allowed, such as the user IP address, the subscription type, OD spatial
haracteristics (unencrypted door-to-door travel). In terms of available data, data cleaning and merging could be more accurate if
T operators, smart card data management firms, and trip planner companies share the same naming system.

indings on feature importance. In this study, the monthly average of ridership was contributing significantly, which supports the
iterature that it is a sound basis for the ridership prediction. However, the temporal and spatial feature importances were minor,
hich is contradictory to previous studies. We consider that this is because the influence of spatio-temporal features is partially

overed by the fluctuation of the monthly ridership average and the trip request. Nevertheless, their impacts are still critical in any
esearch that tries to understand the correlation between ridership and environmental factors as the data analysis revealed.

etraining of ML models. Given the prediction improvement, ML models are significantly better than the baseline models that are
urrently practiced by the PT authorities. Nonetheless, ML models are complex to calibrate and implement, particularly when it
elates to re-calibration. In this study, we found that the parameters did not vary considerably in the selected models when calibrating
nd thus suggest less frequent retraining when applying. Although the performance will be jeopardized when a change of travel
ehavior happens, the chosen interpretable and supervised ML models are comparably simpler to be retrained.

eep Learning (DL) models. The primary goal of this paper is to explore and analyze whether the inclusion of a novel data source
an add value to a short-term bus ridership prediction method, namely travel planner requests. Consequently, we have not opted
or many state-of-the-art DL methods (such as Fully Connected Neural Network, Long Short Term Memory, Convolutional Neural
etwork), although ensemble models are also effective in prediction, e.g., Ahmad et al. (2017), Nawar and Mouazen (2017).
owever, future studies could apply these techniques to predict the short-term bus ridership with trip planner data since we have
17

hed light on the usefulness of the trip planner requests, such as the method applied in Hao et al. (2019) or Zhang et al. (2020).
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6. Conclusion

In this paper, we proposed a method to analyze the effectiveness of trip planner data in predicting short-term bus ridership. The
resented method explained the use of real-time transit information followed by apps on an operational level. Such information
ould help PT operators cope with short-term passenger demand and could facilitate the trip planner to notify its users about the
rowdedness level.

The case studies showed that the best-performing model relied on the RFR can reduce the mean absolute error by almost half,
ompared to a baseline model based on the weekly trend. The incorporation of trip planner data can considerably improve the
rediction performance by comparing with the same model without trip planner data, in particular when the observations are
ewer. Those busy trips are more interested by PT operators and therefore need such insights. The RFR model with trip planner
ata generally reached a balanced estimation, and the temporal variation of the prediction was in line with the temporal variation
f the ridership with specific line characteristics. Moreover, the model performance was maintained even for trip planner requests
ith prediction lead times up to 30 min ahead, and for different periods of the day. Regardless of the measurement approach, the

rip planner data could roughly have a 35% feature importance on average. Afterward, discussions were made to further explore
he capability of trip planner data.

The paper has reported that, it is novel and useful to combine trip planner data and the historical ridership data to realize the
hort-term ridership prediction as trip planner data is often available in (near) real-time. In this way, we can substantially avoid
he long collection time of smart card data and we are able to capture the temporal and spatial influence such that it can enhance
he operational performance of transit operators. More importantly, the traditional data sources (e.g., AFC, AVL and GSM) do not
ontain the travel intentions since they are by definition logging data. Whereas the trip planner data can represent such purposes
s the apps are normally used before the trip.

Although the study takes place in the Netherlands with the local trip planner, it is scalable and portable to many other case
tudies with a similar data provision. Nevertheless, the application and choice of prediction lead times would not only depend on
he user behavior of the trip planner but also rely on the network scale and the transport mode. The trip planner is and will become
ore and more beneficial to PT users. Accordingly, millions of trip planner data provide a unique and real-time huge data source
ith the knowledge of user behavior. In particular, the travel intention stored in the trip planner requests could correlate to the

atent demand and thus trigger the change of the PT operations on a tactical and strategical level. If we can minimize the privacy
oncerns and other technical limitations, PT operators and researchers will offer a better understanding of the role of the trip planner
n ridership prediction and facilitate the operations of the PT system and improve its level of service.
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