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ABSTRACT

Transit agencies conduct system level ridership forecasting for planning, budgeting, and other administrative purposes. However, the COVID-19 pandemic introduced substantial changes in transit ridership levels and seasonal patterns, which has impacted the performance of ridership forecasting. Although time series methods are commonly used for forecasting transportation demand, they have received limited use in practice for public transit ridership forecasting. This study compares the performance of seven time series forecasting methods for predicting system-wide monthly transit ridership for heavy rail agencies in the continental United States. The forecasting methods are: ETS, ARIMA, STL with ETS, STL with ARIMA, TBATS, a neural network, and a hybrid model. Ridership was forecasted for pre- and post-COVID periods (pre- and post- March 2020), as well as for the full series (January 2002 to August 2023). The MAPE and MASE were used to compare forecast performance. Most pre-COVID models performed well, with 43% producing a MAPE below 5% and 82% producing a MAPE below 10%. Most of the full-series and post-COVID models underperformed, with only approximately 10% producing a MAPE below 5% and roughly half producing a MAPE below 10%. The ARIMA method outperformed the other models for the full series period, and the TBATS, neural network, and hybrid methods outperformed the other methods for the post-COVID period. The findings suggest that even three years into the post-COVID era, patterns that were typical of heavy rail ridership pre-pandemic have not returned, which have impacts on the performance of forecasts for post-COVID ridership. 
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Introduction


Transit agencies need system-level ridership forecasts for various planning and administrative functions, such as creating their operating budget, prioritizing long-term investments, and planning service frequency (1; 2). Transit agencies historically have forecasted ridership using various methods such as professional judgement, rules of thumb, direct ridership models, and the four step travel demand model (2). However, these forecasting methods might not be suitable in the wake of the COVID-19 pandemic due to its continued impacts on travel behavior. Therefore, transit agencies may want to consider different methods to forecast ridership. This study aims to explore the performance of one potential method: time series forecasting. 

Time series forecasting is used in many disciplines including transportation. Prior studies have applied time series analysis to forecast demand in different transportation sectors including roadways, airlines, and freight (3-8). Time series analyses typically depend on understanding the data generating mechanism to predict future values. This feature gives time series methods an advantage over other methods in the wake of the COVID-19 pandemic, since the assumptions used for other methods (e.g. ridership elasticities that depend on the relationship between ridership and other variables) may not be consistent during or after COVID-19. Therefore, this study seeks to compare the performance of several classical and some newer, more complex time series methods to forecast ridership for heavy rail in the continental United States (US) in the wake of the COVID-19 pandemic. This study can help inform transit agencies as they explore various forecasting approaches that could handle uncertainty in the post-COVID era.

This paper proceeds as follows. First, a literature review that focuses specifically on the use of time series analysis for forecasting post-COVID transit ridership is presented. Next, the research questions are articulated. The data and method section is then introduced. Then, the results of the pre-COVID (before March 2020), full series (from January 2002 to August 2023), and post-COVID (after March 2020) analyses are presented. Last, conclusions and areas for future research are discussed.


[bookmark: _Toc420995896][bookmark: _Toc422997483][bookmark: _Toc427156466][bookmark: _Toc159087042]
Literature Review	


This section discusses the findings of prior studies that used time series methods to explore transit ridership, particularly since the start of the COVID-19 pandemic. It should be noted that before COVID-19, numerous prior studies used time series forecasting methods such as autoregressive moving average (ARIMA) models (e.g., (9)), exponential smoothing (e.g., (10)), and machine learning methods to forecast transit ridership (e.g., (9-16)).  Many more pre-COVID studies have used a variety of other forecasting methods such as time series multiple regression models (e.g., (17)), ordinary least squares regression models (e.g., (18)), and mode choice models (e.g., (19)). Some pre-COVID studies have also explored the accuracy of transit forecasting and have generally found a tendency towards optimism bias, or forecasts that overestimate ridership (20; 21). While these and other prior studies forecasted transit ridership, they will not be further discussed since the focus of this section is on studies of ridership in the COVID-era.  

The first relevant study sought to forecast daily ridership from January 1, 2021 to May 31, 2021 at “L” train stations in downtown Chicago using a random forest model. The training data was from March 1, 2020 through December 31, 2020, and the testing dataset was from January 1, 2021 through May 31, 2021. The data were used to forecast out five months. The performance measures used were the mean squared error and mean absolute error (MSE and MAE). The results showed that the daily ridership forecasts were accurate for the first month, but the performance of the forecasts decreased as the forecast horizon increased. The researchers also found that the average temperature had an impact on ridership, more so than the stay-at-home executive order (14). This Chicago-based paper is relevant to this study because the researchers attempted to forecast COVID-era rail ridership. However, the focus was only on Chicago, while this study considers all heavy rail systems in the continental US.

The second relevant study is a 2022 publication that examined forecasting COVID-era transit ridership using daily turnstile data from January 2019 to July 2020 for the New York City subway using piecewise stationary time series methods. The goal was to produce a non-stationary time series model using several independent ARIMA models to bridge between “break points,” or points where the data becomes non-stationary due to anomalies caused by unforeseen events. Station-level subway data taken at four-hour increments were used to measure ridership. In the first method, an ARIMA model was applied to the entire dataset, ignoring the break points. The performance of the model was examined using the Akaike information criteria (AIC), the corrected AIC (AICc), the Bayesian information criteria (BIC), and p-values from the white noise Li-McLeod’s test. In the second method, a machine learning algorithm was used to detect break points in the ridership dataset. The break points were generally found to be around March 12th or 13th, 2020. Then, the dataset was separated into two, with the break point being the boundary. An ARIMA model was applied to each dataset, and the same performance measures were recorded. The performance measures from both methods were then compared, and the piecewise ARIMA model used in the second method was found to have performed substantially better than the single ARIMA model used in the first method (15). While this study is very relevant, the authors did not include a discussion of the performance of the forecasts from either model. Additionally, the study used only ARIMA models, only focused on one agency, and did not consider methods such as exponential smoothing, seasonal and trend decomposition, Fourier transforms for trigonometric seasonality, neural networks, or hybrid models.	Comment by Brakewood, Candace: The word data technically is plural.  Data are … Data were ...	Comment by Brakewood, Candace: Very good.

A third relevant study predicted the impacts of the COVID-19 pandemic on US transit ridership in the five most populous cities in the US (New York City, Los Angeles, Chicago, Houston, and Philadelphia) using monthly transit ridership data and epidemic data from March 2020 to April 2022. The researchers used the ARIMA and Prophet models to forecast ridership given COVID infections. The forecasting accuracy of the ARIMA model was found to be between 6-10%, and the forecasting accuracy of the Prophet model was found to be between 8-12%. The researchers stated that the insufficient stationarity, periodicity, and seasonality of the time series contributed to the difficulty in refining the Prophet model (22). 

A fourth relevant study developed a neural architecture and feature search approach to automatically fine-tune the architecture and features of a deep neural network to predict any given route-level public transit ridership. The approach utilized a randomized local hyper-parameter search that searched for a set of parameters that would minimize both the prediction errors and the model complexity. The approach was tested on automatic passenger count data from five routes of the Chattanooga Area Regional Transportation Authority, from January 2019 to October 2021. The study found that optimizing neural networks for each route significantly improved their performance compared to generic neural networks (23). 

One last relevant study produced real-time, one-day ahead forecasts at 147 bus rapid transit stations in Bogota, Columbia using data from August 2015 to May 2021, during which time there existed highly dynamic and uncertain conditions (COVID-19 and a month-long protest). The researchers developed an open-source infrastructure with five forecasting methods: ARIMA, seasonal ARIMA, multilayer perceptron (MLP), convolutional neural networks (CNN), and long-short-term memory (LSTM). The models were applied using two learning strategies: static (estimated using only the test data) and online (model was re-trained as new data became available). Under stable conditions, all models had similar performance, although the static CNN model consistently underperformed, and the online LSTM outperformed the other models. For COVID-19 conditions, the online LSTM outperformed the other models. All models performed substantially worse under the dynamic conditions compared to the stable conditions. The researchers also found that it took the machine learning models one and a half months to learn the new demand patterns (24). 

This brief review shows that time series methods have been used in a limited number of studies to forecast transit ridership in the wake of the COVID-19 pandemic. However, these prior studies did not compare the forecasting performance of time series methods for all of the heavy rail agencies in the continental US, which could provide insight into the general suitability of time series forecasting for heavy rail, as well as the post-COVID ridership patterns on heavy rail. This study aims to compare the performance of several different time series forecasting methods for pre-COVID and post-COVID transit ridership for all heavy rail agencies in the continental US. The results of this study could inform transit agencies on which forecasting methods may perform best with minimal complexity, especially for system-level, post-COVID, heavy rail forecasts. 
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Data and Methods


In this section, the data source and methods used in this study are discussed in four parts. First, the ridership data from the different transit agencies used in this study are explained, and the historical context of recent ridership changes is briefly discussed. Next, information regarding the software and code used to develop the models is provided. Then, the time series methods used in this study are described. Last, the measures used to evaluate the forecasting performance are discussed.


[bookmark: _Toc159087044]Data and Period of Analysis
Monthly ridership data in terms of unlinked passenger trips (UPT) were downloaded from the National Transit Database website (25). The dataset used in this study included ridership for heavy rail in the continental US. The fourteen agencies used in this study are shown in Table 3.1. In Table 3.1, the minimum, maximum, and average monthly unlinked passenger trips on heavy rail are shown for pre- and post-COVID periods. The percent decrease in ridership as of the last observation available at the time of this writing, August 2023, was also compared to pre-COVID ridership in August 2019; ridership decreases were found to range from about 20-50%. 

Prior to the pandemic, ridership at many agencies was already declining, but the onset of the pandemic led to dramatic decreases in ridership. The effects of the pandemic on heavy rail ridership were first apparent in March of 2020, which was when many American states and cities initially implemented a mandatory or advisory stay-at-home order (19). The pre-pandemic downward trend and the effect of the pandemic on transit ridership can be seen in Figure 3.1 (for the largest heavy rail agency in the US), Figure 3.2 (for nine mid-sized heavy rail agencies), and Figure 3.3 (for the four smallest heavy rail agencies). The agencies are placed on separate plots according to the scale of their ridership so that the trends and ridership changes are clearly visible. At most agencies there is a clear decrease in ridership starting approximately around 2015, although the ridership decline started earlier at some agencies. An exception to the trend is the agencies in and around the New York City area; the ridership levels at these agencies appear to have had minimal decreases. However, all agencies had dramatic ridership decreases in March and April of 2020. From February to March of 2020, ridership 
[bookmark: _Ref158564926][bookmark: _Toc159087064]Table 3.1 Heavy rail agencies in the continental US showing minimum, maximum, and average unlinked passenger trips (UPT) pre- and post-COVID
	Agency Name
	Pre-COVID (before March 2020)
	Post-COVID (after March 2020)
	Difference from August 2019 to August 2023

	
	Mean
	Min
	Max
	Mean
	Min
	Max
	Ridership in August 2019
	Ridership in August 2023
	% Diff.

	Chicago Transit Authority
	17,532,551
	9,794,464
	22,663,990
	7,221,254
	2,235,078
	11,111,570
	19,408,958
	11,111,570
	-42.8

	County of Miami-Dade 
	1,530,449
	1,027,319
	1,996,221
	892,899
	337,696
	1,239,510
	1,463,646
	1,174,138
	-19.8

	Los Angeles County MTA 
	3,592,917
	616,954
	4,629,231
	1,962,209
	1,320,140
	2,528,557
	3,442,323
	2,195,851
	-36.2

	Maryland Transit Administration
	1,055,702
	124,877
	1,367,600
	175,878
	84,936
	352,425
	654,491
	322,909
	-50.7

	Massachusetts Bay Transportation Authority
	12,848,365
	6,630,030
	16,679,922
	5,624,942
	1,323,557
	7,826,452
	13,561,795
	7,826,452
	-42.3

	Metropolitan Atlanta Rapid Transit Authority
	6,013,292
	3,002,038
	7,982,627
	2,066,117
	1,081,891
	2,775,632
	5,279,691
	2,775,632
	-47.4

	MTA New York City Transit
	204,791,493
	119,654,860
	253,609,943
	123,284,054
	25,405,507
	183,903,625
	229,171,856
	168,009,408
	-26.7

	Port Authority Trans-Hudson Corporation
	6,611,104
	2,687,713
	8,620,158
	3,094,196
	584,696
	4,636,709
	7,774,917
	4,303,304
	-44.7

	Port Authority Transit Corporation
	837,836
	500,503
	1,044,748
	341,632
	98,066
	476,433
	930,001
	462,172
	-50.3

	San Francisco Bay Area Rapid Transit District
	9,649,881
	4,308,934
	12,556,439
	2,831,651
	771,234
	4,497,899
	10,922,850
	4,462,769
	-59.1

	Southeastern Pennsylvania Transportation Authority
	7,762,086
	5,089,673
	9,821,204
	3,711,504
	1,451,975
	5,499,497
	7,095,415
	3,724,461
	-47.5

	Staten Island Rapid Transit Operating Authority
	610,379
	361,469
	828,475
	256,916
	42,773
	384,106
	562,645
	304,272
	-45.9

	The Greater Cleveland Regional Transit Authority
	504,871
	223,497
	851,608
	223,998
	167,208
	328,061
	408,208
	296,284
	-27.4

	Washington Metropolitan Area Transit Authority
	21,830,698
	10,046,999
	27,860,355
	6,681,774
	1,270,947
	12,859,358
	19,892,131
	12,381,853
	-37.8

	Data Source: National Transit Database, August 2023 Adjusted Database (25)
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[bookmark: _Ref158564970][bookmark: _Toc159096496]Figure 3.1 Ridership at MTA New York City Transit from January 2002 to August 2023 
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[bookmark: _Ref158564993][bookmark: _Toc159096497]Figure 3.2 Ridership at larger heavy rail agencies from January 2002 to August 2023
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[bookmark: _Ref158565003][bookmark: _Toc159096498]Figure 3.3 Ridership at smaller heavy rail agencies from January 2002 to August 2023
 
declines at the heavy rail agencies in this study ranged from 32-55%, and from February to April ridership declines ranged from 55-94%. Therefore, February 2020 was considered to be the last pre-COVID month, and April 2020 was considered to be the first COVID-era month. The periods of analysis were selected based on these findings.

Models with multiple time periods were tested in this study in order to: 1) compare forecasting performance pre- and post-COVID, 2) investigate the impact of the number of observations on the forecasting performance, and 3) isolate the effects of the pandemic on post-COVID ridership trends and patterns. Figure 3.4 shows a visualization of the three time periods selected for analysis. In each time period, the last 12 observations were held out to be used as testing data. The first time period used in this study was the pre-COVID period. The training data were from January 2002 to February 2019, and the test data were from March 2019 to February 2020. This time period was used to establish a baseline performance for the seven forecasting methods under “normal” conditions. The second time period was the full data series. The training data were from January 2002 through August 2022, and the testing data were from September 2022 to August 2023. This time period was used to forecast post-COVID ridership while incorporating pre-pandemic ridership trends. The third time period was the post-COVID period. The training data were from April 2020 through August 2022, and the testing data were from September 2022 to August 2023, which was the latest available data point at the time of writing. This time period was used to evaluate the performance of the forecasting methods under the “new normal” conditions, without considering prior patterns in transit ridership. All forecasts were made for the following 12 months in order to compare the forecasted ridership to the actual ridership from the testing datasets.


[bookmark: _Toc159087045]Software
The software used in this paper initially was based on a web application called Route Trends and Info created by staff from Minneapolis Metro Transit (26). The application runs off R Software (27). Metro Transit’s application supports seven forecasting methods: (1) exponential smoothing (ETS); (2) autoregressive integrated moving average (ARIMA); (3) and (4) Seasonal and Trend Decomposition using Loess, using ETS or ARIMA (STL-ETS and STL-ARIMA); (5) the exponential smoothing state space model with trigonometric seasonality, Box-Cox transform, ARMA errors, trend, and seasonal periods (TBATS); (6) a feed-forward autoregressive neural network with a single hidden layer (NNET); and (7) a hybrid model with equal weights of the ETS, STL, TBATS, and NNET methods (26; 28).

The source code for Minneapolis Metro’s application is available to the public on GitHub (29). The source code was modified substantially by the authors of this paper and used directly in R (v4.3.1) in order to change the model parameters, output additional performance measures (e.g., mean absolute scared error), and output customized graphs (27). For example, Minneapolis Metro’s application uses the ETS method in their hybrid 
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[bookmark: _Ref158565042][bookmark: _Toc159096499]Figure 3.4 The three forecasting time periods used in this study






model, but in this study, the ARIMA method was used because it improved the mean absolute percent error of many of the post-COVID forecasts by over 1%. Also, the original GitHub code produces a single interactive plot using the “dygraphs” package (30), but these were changed to non-interactive plots with seven graphs using the “ggplot2” package (31). The functions used to produce the forecasts in this study have been made publicly available on Github at the following web address: https://github.com/ashley2876/forecasting_repo. 
[bookmark: _Toc420995907][bookmark: _Toc422997494][bookmark: _Toc427156477]

[bookmark: _Toc159087046]Time Series Models
Seven time series models were estimated in this study, also shown below in Figure 3.5: ETS, ARIMA, STL-ETS, STL-ARIMA, TBATS, NNET, and a hybrid model with equal weights of the ARIMA, NNET, TBATS, and STL methods (Hybrid ANST). This study focused on the first four classical time series models because they are widely established, well understood, and familiar to academics and some practitioners. The last three models were selected due to their ability to handle complex seasonality in time series using non-linear functions. This study does not focus on other machine learning methods or deep learning methods for several reasons. First, the short length of the data used in this study is not likely to be suitable to such methods. Second, to the authors’ knowledge, no US transit agency is using other machine learning or deep learning methods to conduct ridership forecasts, and this study is intended to be aimed at practitioners. Last, machine learning methods, especially deep learning methods, are expensive to conduct, require extensive set up, and the results are more difficult to interpret. 

Each of the chosen forecasting methods are briefly discussed below. The equations have been omitted for brevity but interested readers are referred to the following references (28; 32).

[bookmark: _Toc159087047]Exponential Smoothing (ETS)
[bookmark: _Hlk153943732]There are 18 potential equations for an ETS model. A general notation can be denoted as ETS(error, trend, seasonal), and each component has multiple possibilities. Errors can be “A” additive or “M” multiplicative. Trends can be “N” none, “A” additive, or “Ad” additive damped. Seasonal components can be “N” none, “A” additive, or “M” multiplicative. By using the “ets()” function in the “forecast” package, the best fit model was selected from the 18 options by minimizing the corrected Akaike information criterion (AICc) (33-35). For more details on the ETS method, readers are referred to (35).

[bookmark: _Toc159087048]Autoregressive integrated moving average (ARIMA)
Similarly, there exist a large number of potential equations for an ARIMA model. A general notation for a non-seasonal ARIMA model is ARIMA (p, d, q). The “p” is the order of the autoregressive (AR) part, the “d” is the degree of first differencing (the 
[image: ]

[bookmark: _Toc159096500][bookmark: _Ref159258221]Figure 3.5 Types of forecasting methods used in this study
[bookmark: _Hlk153943761]integrated (I) part), and the “q” is the order of the moving average (MA) part. A general notation for a seasonal ARIMA model is ARIMA(p, d, q)(P, D, Q)m, where “P,” “D,” and “Q” are the seasonal AR, differencing, and MA orders, respectively, and “m” is the number of observations per year. In this study, the number of observations per year is always 12. Using the “auto.arima()” function from the “forecast” package with the argument “stepwise = FALSE,” R automatically chose the best fit ARIMA model based on a combination of the following criteria: unit root tests, minimizing the AICc, and minimizing the maximum likelihood estimation (33; 34; 36). For more details on the ARIMA method, readers are referred to (36). 

[bookmark: _Toc159087049]Seasonal and Trend Decomposition using Loess (STL) with ETS or ARIMA
[bookmark: _Hlk153943779]STL is a method to decompose a time series into the seasonal, trend-cycle, and remainder components, where Loess is a method of evaluating nonlinear relationships. In this study, the STL method was used to de-seasonalize the data. This is useful for transit ridership data because transit ridership tends to vary substantially by season. The seasonal component “St” is forecasted separately from the non-seasonal components “Tt” and “Rt” using the seasonal naïve method. A seasonal naïve forecast means all forecasts were set equal to the last observed value from the same season (28). The non-seasonal components can then be forecast using any non-seasonal forecasting method (28). The “stlm()” function from the “forecast” package was used to forecast using the STL-ETS and STL-ARIMA methods (33; 34; 37). For more details about STL decomposition, readers are referred to (37).

[bookmark: _Toc159087050]Exponential smoothing state space model with trigonometric seasonality, Box-Cox transform, autoregressive moving average errors, trend, and seasonal periods (TBATS)
[bookmark: _Hlk153943792]The TBATS model is an exponential smoothing state-space model that can consider a Box-Cox transformation to handle non-linearity in the data, the autoregressive moving average model to de-correlate the residuals, trend components for long- and short-term trend (with and without dampening), and trigonometric functions based on Fourier representations with time-varying components to handle complex seasonality (32). By using the “tbats()” function in the “forecast” package, R selected the best fit model by adjusting the above parameters to find a model configuration that minimized the Akaike information criterion (AIC) (38). For more details on the TBATS model, readers are referred to (32).

[bookmark: _Toc159087051]Feed-forward autoregressive neural network with a single hidden layer (NNET)
[bookmark: _Hlk153943808]R's nnetar() function from the “forecast” package was used to estimate a feed-forward autoregressive neural network with a single hidden layer (33). In order to ensure reproducibility, the seed was set to “1234”; setting a seed was required for this study because the neural network randomly selects the initial parameters, which caused the performance measures for the same forecasts to vary slightly from run to run (39). The seasonal model is represented by NNAR(p,P,k)m, where “P”, the number of seasonal lags, defaults to one, “p”, the number of non-seasonal lags, is selected from the optimal linear model fitted to the seasonally adjusted data, “k”, the number of neurons in the hidden layer, is equal to (p + P + 1)/2, and “m” is the number of observations per year (always 12 in this study). Prediction intervals were derived for the neural network forecasts by setting the forecast() function to simulate 1,000 future sample paths (28; 40). With a larger data set, the performance of the forecasts may be improved when “P,” the number of seasonal lags, is set to a context-appropriate value (e.g., 12 for monthly data). However, the short length of the data in this study caused the neural network to overfit the model when P was set to 12, so the default of one was used. For more details on the neural network model, readers are referred to (40).

[bookmark: _Toc159087052]Hybrid
[bookmark: _Hlk153943846]The hybridModel() function from the “forecastHybrid” package was used to estimate a hybrid model with equal weights of the ARIMA, NNET, TBATS, and STL methods. Minneapolis Metro’s hybrid model uses ETS instead of ARIMA; for this study, the ARIMA model was selected instead because it improved the performance of many the post-COVID forecasts by improving the mean absolute percent error by over one percent. The method for the STL component of the hybrid model was ARIMA. Parallel processing was used between models to shorten the computation time. The weights of each model were set to be equal because this has been shown empirically to give good performance. For more details on the hybrid model, readers are referred to (41). 


[bookmark: _Toc159087053]Performance Measures
The performance measures used in this study were the mean absolute percent error (MAPE) and the mean absolute scaled error (MASE) of the testing data. The MAPE is a percentage error and is unitless. Therefore, the MAPE is a good measure to compare between datasets that have different scales. The MASE is a scaled error and can be used to compare between datasets with different units. A MASE less than one indicates that, according to the mean absolute error (MAE), the forecast performed better than the average naïve forecast. In the case of seasonal data, a naïve forecast means all forecasts were set equal to the last observed value from the same season (28). The MAPE and MASE for the testing data were recorded to provide a measure of the forecast accuracy (28). The formula for the MAPE is provided in Equation 1. The formula for the MASE for a seasonal forecast is given in Equation 2. 


	1)

Where
t = time (in months)
yt = the fitted values (ridership in UPT)
et = the forecast error (the difference between an observed value and its forecast) (28).

 	2)


Where
t = time (in months)
m = number of observations per year (always 12 in this study)
yt = the fitted values (ridership in UPT)
yt-m = the fitted values from the previous season (ridership in UPT)
T = time at the last observation
ej = the forecast error (the difference between an observed value and its forecast) (28).
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Results and Discussion of the Pre-COVID Forecasts

In this chapter, the results of the pre-COVID (from January 2002 to February 2020) forecasts are presented. In the following two chapters, the results of the full series (from January 2002 to August 2023) and post-COVID (from April 2020 to August 2023)  forecasts are presented. The results are shown in this order to demonstrate the impact of the pandemic on the forecast accuracy, and to show the impact of the series length on the models’ performance. For all periods, each of the 14 heavy rail agencies was analyzed using the seven forecasting methods, and the MAPE and MASE were calculated.

To assess the fit of the models, the Ljung-Box test was used to assess the white noise of the residuals for each model, and histograms of the residuals were examined to check for normality and influential outliers. The residuals were checked using the “checkresiduals()” function from the “forecast” package (33; 34). For the majority of the pre-COVID models, the histograms were normally distributed with the means close to zero, meaning the models were unbiased. The Ljung-Box test showed that for many of the models, some autocorrelation patterns remained that the models were not able to capture; this means that while the forecasts could be quite good, the prediction intervals may have been inaccurate. Generally, the residuals showed that the models produced unbiased results (28). Even though the pre-COVID residuals showed some remaining patterns, the results below show that the overwhelming majority of the models still produced good or acceptable forecasts.

[bookmark: _Toc159087055]Results of the Pre-COVID Analysis
For the pre-COVID analysis, the training dataset was from January 2002 through February 2019. The testing dataset was from March 2019 through February 2020. Visualizations of the forecasts for each of the 14 the transit agencies are provided in the following figures (Figure 4.1 through Figure 4.2) to show examples of the outputs that were created for each of the fourteen agencies. In the figures, the x-axis is the date, and the y-axis is ridership (UPT). The blue line is the forecasted ridership, and the red line is the actual ridership (testing data). The light purple shaded area is the 95% prediction interval, and the dark purple shaded area is the 80% prediction interval. Although the data was trained from 2002 to 2019, only the training data after 2010 is shown so that both the forecasts 
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[bookmark: _Ref158565128][bookmark: _Toc159096501]Figure 4.1 Pre-COVID ridership forecasts for the Chicago Transit Authority
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[bookmark: _Toc159096502]Figure 4.2 Pre-COVID ridership forecasts for the County of Miami-Dade
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[bookmark: _Toc159096503]Figure 4.3 Pre-COVID ridership forecasts for the Los Angeles County Metropolitan Transportation Authority
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[bookmark: _Toc159096504]Figure 4.4 Pre-COVID ridership forecasts for the Maryland Transit Administration
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[bookmark: _Toc159096505]Figure 4.5 Pre-COVID ridership forecasts for the Massachusetts Bay Transportation Authority
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[bookmark: _Toc159096506]Figure 4.6 Pre-COVID ridership forecasts for the Metropolitan Atlanta Rapid Transit Authority
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[bookmark: _Toc159096507]Figure 4.7 Pre-COVID ridership forecasts for MTA New York City Transit
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[bookmark: _Toc159096508]Figure 4.8 Pre-COVID ridership forecasts for the Port Authority Trans-Hudson Corporation
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[bookmark: _Toc159096509]Figure 4.9 Pre-COVID ridership forecasts for the Port Authority Transit Corporation
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[bookmark: _Toc159096510]Figure 4.10 Pre-COVID ridership forecasts for the San Francisco Bay Area Rapid Transit District
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[bookmark: _Toc159096511]Figure 4.11 Pre-COVID ridership forecasts for the Southeastern Pennsylvania Transportation Authority
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[bookmark: _Toc159096512]Figure 4.12 Pre-COVID ridership forecasts for the Staten Island Rapid Transit Operating Authority
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[bookmark: _Toc159096513]Figure 4.13 Pre-COVID ridership forecasts for the Greater Cleveland Regional Transit Authority
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[bookmark: _Toc159096514]Figure 4.14 Pre-COVID ridership forecasts for the Washington Metropolitan Area Transit Authority
and the trends are shown more clearly. At many agencies, for example at the Chicago Transit Authority, the graphs showed clear seasonal patterns and a downward trend prior to the pandemic. Other agencies, such as the Greater Cleveland Regional Transit Authority, had weaker seasonal patterns and had a less dramatic downward ridership trend. 
Table 4.2 presents the results of the pre-COVID model performance for each agency. The lowest/highest MAPE and MASE for the testing data (referred to simply as “errors”) are shown, with the highest error indicating the poorest performance and the lowest error indicating the best performance. In this study, models with a MAPE less than 5% were considered to have good performance, and models with a MAPE less than 10% were considered to have acceptable performance (28). In the table, a MAPE below 5% (good performance) is highlighted green, a MAPE below 10% (acceptable performance) is highlighted yellow, and a MASE over 1.00 (did not outperform the naïve method) is highlighted red.
For 81.6% (80 out of 98) of the models, the MAPEs were acceptable (below 10%), and for 42.9% (42 out of 98) of the models the MAPEs were good (below 5%). These results show that, using R software to automatically select model parameters, the seven time series forecasting methods were capable of producing good or acceptable pre-COVID transit ridership forecasts at most of the selected agencies. 
Despite generally good performance, at four of the agencies, no model produced a MAPE below 5% (MTA New York City Transit, Washington Metropolitan Area Transit Authority, Maryland Transit Administration, and the County of Miami-Dade). At those four agencies, the MASEs were generally over 1.00, indicating that the models did not outperform the naïve method. At the Metropolitan Atlanta Rapid Transit Agency and Greater Cleveland Regional Transit Authority, none of the models produced a MAPE below 10%. None of the Metropolitan Atlanta Rapid Transit Agency models outperformed the naïve method, while almost all the Greater Cleveland Regional Transit Authority models did.
Among the seven methods, no one method stood out as having the best performance, as they all performed well for most agencies. The neural network overwhelmingly underperformed compared to the other methods, likely due to the relatively short length of the data for which machine learning methods are generally not suitable.
In general, the pre-COVID results suggest that these seven methods of time series forecasting perform well when the ridership data have strong seasonal patterns. However, for agencies without strong seasonal patterns, ridership forecasting with time series methods may be more challenging.

[bookmark: _Toc159087065]Table 4.1 Performance of pre-COVID forecasts
	Agency
	Measure
	ETS
	ARIMA
	STL-ETS
	STL-ARIMA
	TBATS
	NNET
	Hybrid (ANST)
	Minimum
	Maximum

	Chicago Transit Authority
	MAPE
	1.79
	1.76
	1.64
	1.49
	2.65
	2.40
	1.33
	Hybrid (ANST)
	TBATS

	
	MASE
	0.53
	0.50
	0.47
	0.42
	0.78
	0.67
	0.38
	
	

	County of Miami-Dade
	MAPE
	7.99
	5.52
	7.25
	6.78
	7.67
	8.03
	7.64
	ARIMA
	NNET

	
	MASE
	1.22
	0.84
	1.12
	1.04
	1.17
	1.22
	1.17
	
	

	Los Angeles County Metropolitan Transportation Authority
	MAPE
	6.53
	3.53
	5.52
	5.25
	6.10
	9.46
	5.76
	ARIMA
	NNET

	
	MASE
	0.94
	0.50
	0.79
	0.75
	0.87
	1.35
	0.82
	
	

	Maryland Transit Administration
	MAPE
	7.42
	10.46
	7.60
	9.69
	7.41
	24.76
	11.94
	TBATS
	NNET

	
	MASE
	0.49
	0.70
	0.49
	0.63
	0.50
	1.64
	0.80
	
	

	Massachusetts Bay Transportation Authority
	MAPE
	2.92
	5.07
	3.39
	3.39
	3.09
	4.48
	2.96
	ETS
	ARIMA

	
	MASE
	0.49
	0.85
	0.57
	0.57
	0.52
	0.74
	0.49
	
	

	Metropolitan Atlanta Rapid Transit Authority
	MAPE
	12.75
	16.10
	12.99
	13.25
	12.99
	10.98
	11.81
	NNET
	ARIMA

	
	MASE
	1.71
	2.16
	1.74
	1.78
	1.75
	1.45
	1.58
	
	

	MTA New York City Transit
	MAPE
	7.71
	7.87
	7.44
	8.09
	8.05
	10.25
	8.65
	STL-ETS
	NNET

	
	MASE
	1.99
	2.03
	1.92
	2.08
	2.08
	2.64
	2.23
	
	

	Port Authority Trans-Hudson Corporation
	MAPE
	2.82
	3.36
	2.03
	1.96
	2.27
	3.01
	1.90
	Hybrid (ANST)
	ARIMA

	
	MASE
	0.49
	0.57
	0.35
	0.33
	0.40
	0.52
	0.33
	
	

	Port Authority Transit Corporation
	MAPE
	2.45
	3.06
	2.14
	2.63
	3.05
	7.44
	3.47
	STL-ETS
	NNET

	
	MASE
	0.69
	0.86
	0.60
	0.74
	0.86
	2.08
	0.98
	
	

	San Francisco Bay Area Rapid Transit District
	MAPE
	2.81
	2.40
	2.55
	1.78
	2.11
	3.11
	2.05
	STL-ARIMA
	NNET

	
	MASE
	0.65
	0.53
	0.59
	0.41
	0.48
	0.68
	0.46
	
	

	Southeastern Pennsylvania Transportation Authority
	MAPE
	3.35
	3.19
	2.87
	2.87
	6.09
	5.93
	4.29
	STL-ETS
	TBATS

	
	MASE
	0.60
	0.57
	0.52
	0.52
	1.12
	1.07
	0.78
	
	

	Staten Island Rapid Transit Operating Authority
	MAPE
	4.88
	7.07
	5.23
	4.60
	4.66
	5.60
	5.16
	STL-ARIMA
	ARIMA

	
	MASE
	0.63
	0.89
	0.67
	0.59
	0.60
	0.72
	0.66
	
	

	The Greater Cleveland Regional Transit Authority
	MAPE
	13.30
	13.51
	13.20
	13.12
	12.64
	22.65
	13.77
	TBATS
	NNET

	
	MASE
	0.73
	0.74
	0.73
	0.73
	0.69
	1.28
	0.75
	
	

	Washington Metropolitan Area Transit Authority
	MAPE
	10.00
	8.62
	7.33
	7.72
	7.93
	6.19
	7.29
	NNET
	ETS

	
	MASE
	2.04
	1.73
	1.49
	1.57
	1.62
	1.25
	1.48
	
	

	Green - MAPE below 5%, Yellow - MAPE below 10%, Red - MASE above 1.00
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results and discussion of the full series forecasts

In this chapter, the results of the full series (from January 2002 to August 2023) forecasts are presented. Each of the 14 heavy rail agencies was analyzed using the seven forecasting methods, and the MAPE and MASE were calculated.

To assess the fit of the models, the Ljung-Box test was used to assess the white noise of the residuals for each model, and histograms of the residuals were examined to check for normality and influential outliers. For the full series forecasts, the histograms were normally distributed with the means close to zero, and most of the results from the Ljung-Box test showed that the residuals were white noise; however, some of the models, especially the STL methods, were not able to capture all the patterns in the data, meaning that while the STL forecasts could be quite good, the prediction intervals may have been inaccurate. Generally, the residuals showed that the models produced unbiased results and captured most of the patterns in the data for each series (28). 

[bookmark: _Toc159087057]Results of the Full Series Analysis
For the full series analysis, the training dataset was from January 2002 through August 2022, and the testing dataset was from September 2022 through August 2023. Similar to the pre-COVID results, visualizations of the forecasts for the transit agencies in Chicago and Cleveland are provided in Figure 4.3 and Figure 4.4 to show examples of the outputs that were created for each of the fourteen agencies. Although the data was trained from 2002 to 2022, only the training data after 2020 is shown so that the post-COVID forecasts can be shown clearly. Once again, most of the forecasts, like those for the Chicago Transit Authority, appear to have captured fairly well the patterns in the data and have forecasted approximately the correct scale of ridership. However, for a small number of agencies, such as the Greater Cleveland Regional Transit Authority and the Maryland Transit Administration, the forecasts appeared to over- or under-estimated ridership and failed to capture much of a pattern at all.
Table 4.2 presents the results of the full series model performance for each agency. The lowest/highest errors were again used to measure the performance of each method. For 57.1% (52 out of 91) of the models, the MAPEs were below 10%, and for 11.0% (10 out of 91) of the models the MAPEs were below 5%. It should be noted that the data from the Southeastern Pennsylvania Transportation Authority had a quality control issue that impacted the performance of the forecasts; therefore, the results for the Southeastern Pennsylvania Transportation Authority were omitted from the discussion.
The ARIMA method overwhelmingly outperformed the other methods by producing the lowest MAPE for half of the agencies. The hybrid and STL-ETS methods also performed well, together accounting for the lowest MAPE at another five agencies. The neural network once again overwhelmingly underperformed, likely due to the relatively short length of the data. 
Again, there was a division of model performance between transit agencies; at two of the three smallest agencies, Maryland Transit Authority and the Greater Cleveland Regional Transit Authority, none of the models produced a MAPE below 10%. At the Washington Metropolitan Area Transit Authority, only the ARIMA model produced an MAPE below 10%, and at the Metropolitan Atlanta Rapid Transit Authority, only the ARIMA and STL methods produced a good (below 5%) or acceptable (below 10%) MAPE, respectively. 
At the Massachusetts Bay Transportation Authority, only the ARIMA and hybrid models produced a MAPE below 10%, whereas for the pre-COVID period all models except ARIMA produced a MAPE below 5%. For the pre-COVID period, none of the MTA New York City Transit models produced a MAPE below 5%, and the MAPE for the neural network was above 10%. For the full series time period, the neural network and hybrid models have now produced a MAPE below 5%, and the rest of the models for MTA New York City Transit have a MAPE below 10%. Similarly, for the transit agency in the County of Miami-Dade, the pre-COVID models only produced a MAPE below 10%, but for the full series, the ETS, TBATS, and hybrid models all produced a MAPE 
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[bookmark: _Toc159096515]Figure 5.1 Full series ridership forecasts for Chicago Transit Authority
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[bookmark: _Toc159096516]Figure 5.2 Full series ridership forecasts for the County of Miami-Dade
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[bookmark: _Toc159096517]Figure 5.3 Full series ridership forecasts for the Los Angeles County Metropolitan Transportation Authority
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[bookmark: _Toc159096518]Figure 5.4 Full series ridership forecasts for the Maryland Transit Administration
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[bookmark: _Toc159096519]Figure 5.5 Full series ridership forecasts for the Massachusetts Bay Transportation Authority
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[bookmark: _Toc159096520]Figure 5.6 Full series ridership forecasts for the Metropolitan Atlanta Rapid Transit Authority
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[bookmark: _Toc159096521]Figure 5.7 Full series ridership forecasts for MTA New York City Transit
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[bookmark: _Toc159096522]Figure 5.8 Full series ridership forecasts for the Port Authority Trans-Hudson Corporation
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[bookmark: _Toc159096523]Figure 5.9 Full series ridership forecasts for the Port Authority Transit Corporation
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[bookmark: _Toc159096524]Figure 5.10 Full series ridership forecasts for the San Francisco Bay Area Rapid Transit District
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[bookmark: _Toc159096525]Figure 5.11 Full series ridership forecasts for the Southeastern Pennsylvania Transportation Authority
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[bookmark: _Toc159096526]Figure 5.12 Full series ridership forecasts for the Staten Island Rapid Transit Operating Authority
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[bookmark: _Toc159096527]Figure 5.13 Full series ridership forecasts for the Greater Cleveland Regional Transit Authority
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[bookmark: _Toc159096528]Figure 5.14 Full series ridership forecasts for the Washington Metropolitan Area Transit Authority


[bookmark: _Ref158629535][bookmark: _Toc159087066]Table 4.2 Performance of the full series forecasts
	Agency
	Measure
	ETS
	ARIMA
	STL-ETS
	STL-ARIMA
	TBATS
	NNET
	Hybrid (ANST)
	Minimum
	Maximum

	Chicago Transit Authority
	MAPE
	7.61
	5.36
	8.21
	8.21
	7.27
	9.77
	7.16
	ARIMA
	NNET

	
	MASE
	0.48
	0.31
	0.54
	0.54
	0.46
	0.59
	0.47
	
	

	County of Miami-Dade
	MAPE
	4.84
	6.04
	7.26
	7.29
	4.88
	14.62
	4.01
	Hybrid (ANST)
	NNET

	
	MASE
	0.37
	0.45
	0.54
	0.55
	0.37
	1.08
	0.30
	
	

	Los Angeles County Metropolitan Transportation Authority
	MAPE
	13.38
	5.60
	8.73
	8.77
	11.78
	28.05
	8.43
	ARIMA
	NNET

	
	MASE
	0.91
	0.39
	0.61
	0.61
	0.80
	1.93
	0.59
	
	

	Maryland Transit Administration
	MAPE
	32.80
	39.93
	26.31
	36.47
	30.62
	32.16
	29.80
	STL-ETS
	ARIMA

	
	MASE
	0.74
	0.98
	0.65
	0.86
	0.72
	0.74
	0.77
	
	

	Massachusetts Bay Transportation Authority
	MAPE
	11.47
	5.55
	11.99
	12.00
	11.26
	15.14
	9.41
	ARIMA
	NNET

	
	MASE
	0.59
	0.29
	0.62
	0.62
	0.58
	0.79
	0.49
	
	

	Metropolitan Atlanta Rapid Transit Authority
	MAPE
	18.43
	4.70
	6.73
	6.74
	14.54
	29.55
	10.12
	ARIMA
	NNET

	
	MASE
	0.84
	0.21
	0.32
	0.32
	0.66
	1.37
	0.47
	
	

	MTA New York City Transit
	MAPE
	7.27
	5.97
	7.39
	7.39
	5.47
	4.26
	4.20
	Hybrid (ANST)
	STL-ETS

	
	MASE
	0.59
	0.48
	0.61
	0.61
	0.45
	0.34
	0.34
	
	

	Port Authority Trans-Hudson Corporation
	MAPE
	7.17
	6.48
	6.22
	5.57
	7.51
	10.77
	4.28
	Hybrid (ANST)
	NNET

	
	MASE
	0.38
	0.33
	0.34
	0.31
	0.40
	0.56
	0.22
	
	

	Port Authority Transit Corporation
	MAPE
	4.61
	3.26
	6.75
	6.73
	4.71
	17.78
	14.65
	ARIMA
	NNET

	
	MASE
	0.27
	0.18
	0.39
	0.39
	0.27
	1.03
	0.84
	
	

	San Francisco Bay Area Rapid Transit District
	MAPE
	9.21
	6.88
	9.61
	9.43
	8.42
	59.39
	14.92
	ARIMA
	NNET

	
	MASE
	0.40
	0.29
	0.43
	0.42
	0.37
	2.51
	0.62
	
	

	Southeastern Pennsylvania Transportation Authority1
	MAPE
	20.93
	22.49
	27.59
	25.96
	33.78
	28.01
	29.93
	ETS
	TBATS

	
	MASE
	1.11
	1.21
	1.50
	1.41
	1.88
	1.48
	1.62
	
	

	Staten Island Rapid Transit Operating Authority
	MAPE
	5.15
	5.17
	9.37
	9.41
	6.45
	17.62
	6.11
	ETS
	NNET

	
	MASE
	0.22
	0.23
	0.41
	0.42
	0.28
	0.77
	0.27
	
	

	The Greater Cleveland Regional Transit Authority
	MAPE
	16.70
	17.22
	15.30
	15.52
	16.24
	20.61
	15.96
	STL-ETS
	NNET

	
	MASE
	0.60
	0.62
	0.55
	0.56
	0.58
	0.74
	0.58
	
	

	Washington Metropolitan Area Transit Authority
	MAPE
	17.73
	7.39
	15.82
	15.19
	46.67
	54.03
	28.20
	ARIMA
	NNET

	
	MASE
	0.96
	0.43
	0.91
	0.88
	2.59
	2.98
	1.57
	
	

	Green - MAPE below 5%, Yellow - MAPE below 10%, Red - MASE above 1.00
1 Southeastern Pennsylvania Transportation Authority's ridership data had a quality control issue that negatively impacted the performance of the models.



below 5%.  With the exception of the neural network, almost all of the models produced a MASE below 1.00, indicating better performance compared to the simple naïve method.
Additionally, the residual tests showed that almost all of the full series models captured all patterns that were present in the data, leaving only white noise. However, for many of the pre-COVID models, the residuals still contained some patterns. These findings may reflect a continued interruption in the strong seasonal and periodic transit ridership trends that were present at most agencies pre-COVID, which has made it more difficult to extract patterns from the post-COVID data. As a result, the full series forecast results are mixed, reflecting much more uncertainty; for some agencies, the models were able to predict the general periodic trend and produce good or acceptable forecasts, but for other agencies, the models were not able to capture much of a pattern at all, and the forecasts underperformed. Nevertheless, the classical models (especially the ARIMA model) as well as the TBATS and hybrid models were able to produce good or acceptable forecasts at most agencies, and for some agencies (e.g., MTA New York City Transit and the Metropolitan Atlanta Rapid Transit Agency) the models produced better forecasts than were produced using the pre-COVID-only series. In the next section, the post-COVID ridership is isolated in order to try to better understand the shift in trends.
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results and discussion of the Post-covid forecasts
In this chapter, the results of the post-COVID (from April 2020 to August 2023) forecasts are presented. Each of the 14 heavy rail agencies was analyzed using the seven forecasting methods, and the MAPE and MASE were calculated.

To assess the fit of the models, the Ljung-Box test was used to assess the white noise of the residuals for each model, and histograms of the residuals were examined to check for normality and influential outliers. The residuals were checked using the “checkresiduals()” function from the “forecast” package (33; 34). For the post-COVID series, the histograms were approximately normally distributed with the means close to zero, and the Ljung-Box test showed that almost all models captured all available patterns in the data, leaving the residuals with only white noise. Generally, the residuals showed that the models produced unbiased results and captured almost all of the patterns in the data for each series (28). 

[bookmark: _Toc159087059]Results of the Post-COVID Analysis
For the post-COVID period, the training dataset was from April 2020 through August 2022, and the testing dataset was from September 2022 through August 2023. A visualization of the forecasts for Chicago Transit Authority and the Greater Cleveland Regional Transit Authority are provided in Figure 4.5 and Figure 4.6, as examples of the outputs that were created for each of the 14 heavy rail agencies. Despite having used only the post-COVID data, the forecast results are overall somewhat similar to the forecasts produced from the full data series. The major differences between the full series plots and the post-COVID plots are that the post-COVID forecasts tend to be smoother and have more of an upward trend compared to the full series forecasts. The prediction intervals for the two STL methods, the TBATS method, and the neural network also tended to be much smaller for the post-COVID forecasts, which could indicate that the models may have struggled with overfitting the data (42). 
Table 4.4 presents the results of post-COVID model performance for each agency. The lowest/highest errors were again used to measure the performance of each method. For 48.4% (44 out of 91) of the models, the MAPEs were acceptable (below 10%), and for 9.9% (9 out of 91) of the models the MAPEs were good (below 5%). Once again, the results for Southeastern Pennsylvania Transportation Authority were omitted from the discussion due to a quality control issue in their data.
The overall performance of the models is similar to that of the full series; 52 of the full series models and 44 of the post-COVID models had at least an acceptable MAPE. Also, 10 of the full series models and 9 of the post-COVID models had a good MAPE. Despite potentially overfitting the data, the TBATS and neural network methods performed rather 
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[bookmark: _Toc159096530]Figure 6.2 Post-COVID ridership forecasts for the County of Miami-Dade
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[bookmark: _Toc159096531]Figure 6.3 Post-COVID ridership forecasts for the Los Angeles County Metropolitan Transportation Authority
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[bookmark: _Toc159096532]Figure 6.4 Post-COVID ridership forecasts for the Maryland Transit Administration
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[bookmark: _Toc159096534]Figure 6.6 Post-COVID ridership forecasts for the Metropolitan Atlanta Rapid Transit Authority
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[bookmark: _Toc159096535]Figure 6.7 Post-COVID ridership forecasts for MTA New York City Transit
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[bookmark: _Toc159096536]Figure 6.8 Post-COVID ridership forecasts for the Port Authority Trans-Hudson Corporation
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[bookmark: _Toc159096538]Figure 6.10 Post-COVID ridership forecasts for the San Francisco Bay Area Rapid Transit District
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[image: A graph of different types of graphs

Description automatically generated with medium confidence] 
[bookmark: _Toc159096540]Figure 6.12 Post-COVID ridership forecasts for the Staten Island Rapid Transit Operating Authority
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[bookmark: _Ref158629509][bookmark: _Toc159087067]Table 4.4 Performance of post-COVID ridership forecasting models
	Agency
	Measure
	ETS
	ARIMA
	STL-ETS
	STL-ARIMA
	TBATS
	NNET
	Hybrid (ANST)
	Minimum
	Maximum

	Chicago Transit Authority
	MAPE
	21.70
	6.35
	12.30
	8.22
	4.70
	8.35
	4.79
	TBATS
	ETS

	
	MASE
	0.60
	0.18
	0.36
	0.24
	0.13
	0.23
	0.13
	
	

	County of Miami-Dade
	MAPE
	5.29
	16.40
	4.17
	16.41
	7.20
	6.08
	6.66
	STL-ETS
	STL-ARIMA

	
	MASE
	0.29
	0.88
	0.22
	0.89
	0.41
	0.34
	0.35
	
	

	Los Angeles County Metropolitan Transportation Authority
	MAPE
	7.23
	6.85
	7.94
	6.14
	6.63
	8.09
	5.31
	Hybrid (ANST)
	NNET

	
	MASE
	0.38
	0.36
	0.41
	0.31
	0.35
	0.42
	0.28
	
	

	Maryland Transit Administration
	MAPE
	33.81
	33.86
	29.13
	29.16
	27.11
	36.75
	30.82
	TBATS
	NNET

	
	MASE
	1.76
	1.76
	1.72
	1.72
	1.70
	1.80
	1.74
	
	

	Massachusetts Bay Transportation Authority
	MAPE
	15.84
	6.58
	5.90
	6.63
	15.90
	25.60
	5.03
	Hybrid (ANST)
	NNET

	
	MASE
	0.41
	0.17
	0.15
	0.17
	0.42
	0.68
	0.13
	
	

	Metropolitan Atlanta Rapid Transit Authority
	MAPE
	16.49
	5.87
	11.58
	9.72
	5.00
	12.33
	8.00
	TBATS
	ETS

	
	MASE
	0.67
	0.24
	0.48
	0.40
	0.20
	0.51
	0.33
	
	

	MTA New York City Transit
	MAPE
	15.62
	5.86
	5.12
	7.35
	4.66
	4.73
	4.66
	TBATS
	ETS

	
	MASE
	0.48
	0.18
	0.16
	0.23
	0.15
	0.15
	0.15
	
	

	Port Authority Trans-Hudson Corporation
	MAPE
	22.06
	22.14
	11.70
	21.68
	16.14
	4.64
	14.47
	NNET
	ARIMA

	
	MASE
	0.59
	0.61
	0.32
	0.59
	0.44
	0.13
	0.39
	
	

	Port Authority Transit Corporation
	MAPE
	16.24
	9.87
	10.10
	11.74
	12.61
	4.47
	7.78
	NNET
	ETS

	
	MASE
	0.50
	0.31
	0.31
	0.36
	0.39
	0.14
	0.24
	
	

	San Francisco Bay Area Rapid Transit District
	MAPE
	14.59
	16.75
	9.25
	13.34
	14.55
	21.75
	10.64
	STL-ETS
	NNET

	
	MASE
	0.39
	0.47
	0.25
	0.37
	0.40
	0.59
	0.29
	
	

	Southeastern Pennsylvania Transportation Authority1
	MAPE
	43.31
	42.60
	33.42
	37.35
	61.96
	157.95
	72.31
	STL-ETS
	NNET

	
	MASE
	1.01
	1.00
	0.76
	0.85
	1.46
	3.88
	1.73
	
	

	Staten Island Rapid Transit Operating Authority
	MAPE
	16.95
	17.06
	14.08
	12.62
	22.26
	9.27
	7.34
	Hybrid (ANST)
	TBATS

	
	MASE
	0.49
	0.49
	0.38
	0.33
	0.60
	0.27
	0.20
	
	

	The Greater Cleveland Regional Transit Authority
	MAPE
	11.75
	16.97
	12.71
	12.71
	14.40
	12.72
	13.34
	ETS
	ARIMA

	
	MASE
	1.08
	1.55
	1.17
	1.17
	1.32
	1.17
	1.23
	
	

	Washington Metropolitan Area Transit Authority
	MAPE
	8.28
	8.36
	5.36
	5.80
	7.75
	10.57
	7.83
	STL-ETS
	NNET

	
	MASE
	0.28
	0.28
	0.19
	0.20
	0.27
	0.38
	0.27
	
	

	Green - MAPE below 5%, Yellow - MAPE below 10%, Red - MASE above 1.00
1 Southeastern Pennsylvania Transportation Authority's ridership data had a quality control issue that negatively impacted the performance of the models.



well, having produced a good MAPE for a collective five agencies. The hybrid model also performed rather well, having produced a good or acceptable MAPE at nine agencies. Also, both the neural network and ARIMA models were able to produce a good or acceptable MAPE at half the agencies. 
Despite producing a good MAPE for MTA New York City Transit, Port Authority Transit Corporation, and Port Authority Trans-Hudson Transit Corporation, the neural network produced the highest MAPE at five of the other agencies (Southeastern Pennsylvania Transportation Authority is not included in this number). The ETS method also produced the highest MAPE at four agencies; in fact, the ETS method seemed to struggle the most of all methods at capturing any seasonality in the data. Generally, all models produced a MASE below 1.00, with the exception of two of the three smallest agencies, the Greater Cleveland Regional Transit Authority and the Maryland Transit Administration. This means that the models at those two agencies did not outperform the simple naïve forecasting method.
To summarize, the more complex models (TBATS, neural network, and hybrid models) performed quite well for the post-COVID-only forecasts. This is an interesting finding, given that the same models performed poorly relative to the simpler, classical models when provided with more observations. This could indicate that these models were better able to detect patterns using fewer training observations, or that the post-COVID data contains more complex patterns that these models are better suited to deal with. Additionally, the ARIMA model still produced an acceptable MAPE at half the agencies; given that the ARIMA method also performed well in the pre-COVID and full series forecasts, this model may continue to be well-suited for transit ridership forecasting in the post-COVID era. 
Another interesting finding is that for the Greater Cleveland Regional Transit Authority, no combination of model and number of observations was able to produce acceptable forecasts. At another small agency, the Maryland Transit Administration, there were similar struggles to produce acceptable forecasts, although some models were able to produce acceptable forecasts for the pre-COVID data. Generally, some of the larger agencies tended to produce good or acceptable forecasts regardless of the time period used to estimate the models (e.g., Chicago Transit Authority, MTA New York City Transit, Washington Metropolitan Area Transit Authority). This could suggest that the time series forecasting methods used in this study are better suited for larger systems, at least for monthly, system-level ridership forecasting. Different methods of forecasting may be necessary to overcome the challenges associated with identifying patterns at some agencies, particularly at agencies with limited number of heavy rail lines like the Greater Cleveland Regional Transit Authority and the Maryland Transit Administration.
1. [bookmark: _Toc420995910][bookmark: _Toc422997497]
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Conclusions

This study compared the performance of seven time series forecasting methods for pre-COVID and post-COVID transit ridership for the fourteen heavy rail providers in the continental United States. Two key findings emerged from this analysis. First, time series forecasting prior to the COVID-19 pandemic could be done in a relatively straightforward manner for most agencies. Ridership data at most heavy rail agencies in the US contained steady, seasonal trends that could be modeled fairly well using classical time series forecasting methods as well as newer, more complex methods like the TBATS, neural network, and hybrid methods. From the findings, it can be concluded that time series forecasting is a simple, quick, and efficient method to forecast ridership at agencies with strong and regular seasonality, periodicity, and/or trends, which was typical prior to the COVID-19 pandemic. 

A second noteworthy conclusion is that forecasting monthly ridership post-COVID is still challenging, likely due to competing trends, changing travel behavior, limited datasets, and other variables reflected in the time series data. Nevertheless, time series forecasting methods such as those used in this study were capable of producing good or acceptable post-COVID ridership forecasts using both the full series of data, as well as only post-COVID data. Given the full series of ridership data, the ARIMA method produced acceptable forecasts for 11 of 14 agencies, and given post-COVID-only data, the ARIMA method produced acceptable forecasts for half of the agencies. These results may indicate that the ARIMA method is generally well-suited to ridership forecasting at heavy rail agencies. The TBATS, neural network, and hybrid methods performed particularly well when forecasting with the post-COVID-only dataset. These methods may have outperformed the other methods in the post-COVID period due to their ability to deal with complex seasonality and nonlinearity in the data; these features are likely an enduring effect of the pandemic on heavy rail ridership, which caused substantial changes in ridership behavior across most rider groups. Especially at agencies with more limited heavy rail service (i.e., smaller heavy rail agencies like the Greater Cleveland Regional Transit Authority), there seemed to be a lack of patterns in the heavy rail ridership data, as demonstrated by the white noise test and the performance of the forecasts, which were generally poor. 

Based on the findings of this study, the strong, stable ridership patterns found at many US heavy rail agencies prior to the pandemic have still not returned, which this could be due to external factors such as unemployment, telework, and people relocating (43). However, at some agencies in major US cities (e.g., New York City and Washington D.C.), monthly transit ridership has become more predictable or has remained about as predictable post-COVID as compared to before the pandemic. For some cities with more limited heavy rail service (for example, Cleveland), ridership remains just as unpredictable as it was prior to the pandemic. These mixed findings demonstrate a need for agency-specific solutions to ridership forecasting.

[bookmark: _Hlk153945845]Several areas for future research that have emerged from this study. First, more post-COVID data will become available in the future, allowing for further exploration of the post-pandemic trends. Future research should compare forecasts between cities to understand the differences in trends at some agencies, especially at smaller agencies where the time series methods struggled to produce good forecasts. Additionally, other methods may be used in future research to identify external factors that have an impact on heavy rail ridership and to quantify their impact; for example, a recently published study quantified the impact of external factors on post-COVID bus ridership levels using a multiple mediation analysis and found that unemployment, telework, and people relocating explained 13% to 38% of the ridership declines (43). Future studies could consider including exogenous regressors in the models to account for other factors impacting ridership and possibly improve the performance of the forecasts. Last, future studies may use larger datasets, e.g., daily or weekly data with a length of at least 1,000 datapoints, and more complex time series forecasting methods such as deep learning methods may then be suitable. 

Based on the findings of this study, time series forecasting is likely to be a promising method of predicting system-level transit agency ridership at many heavy rail agencies, even in the post-COVID era. By making the code used in this study publicly available, as well as bringing more visibility to Minneapolis Metro’s forecasting app and the code that powers it, transit agencies may find these methods of transit ridership forecasting more accessible, helping them to produce accurate and low-cost ridership forecasts more frequently and with a wider variety of methods. This is critical to practitioners, planners, and policy makers as they attempt to forecast system-wide ridership levels in the post-COVID era to set budget levels, plan schedules, and perform other important real world tasks using transit ridership forecasts. 
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