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Abstract
Public transport is commonly associated with benefits such as reducing road traffic congestion and improving air quality. This paper focuses on evaluating the causal impact of a new public transport provision in London, the Jubilee Line Extension (JLE) in 1999, on air quality. Using meteorological normalisation and a regression discontinuity design with time as the forcing variable, we show that the JLE led to only small changes in air pollution at some specific locations; detectable changes in NOx, NO2 and O3 concentrations were found at 63%, 43% and 29% of air pollution monitoring sites, respectively. For those sites where a change in pollution was detected, the responses ranged from -2% to +1% for NO2 and -1% to 0% for O3. We calculate that the long-run effects are greater, ranging from -11% to +3% for NO2 and from -2% to +2% for O3 at sites that showed a response to the JLE. Aggregating across all sites in London for a city-wide effect, both short and long-run effects were less than 1% or insignificant. We find statistically significant increases in NO2 and O3 concentrations at some background sites, but the magnitude of effect is within +1% in the short-run and +3% in the long-run. Our analysis shows that effect of the JLE on air pollution in some areas was greater than others, however across London the effect was small and this indicates that public transport provision on its own is not an effective strategy to improve air quality.
Keywords: air quality, public transport, causal analysis, regression discontinuity design, gradient boosting decision trees, change point detection.
Highlights
· An increase in public transport supply did not improve air quality at all sites
· Public transport provision on its own is not effective to improve air quality.
· Short-run changes in pollution concentrations ranged from -2% to +1%.
· Long-run changes in pollution concentrations may range from -11% to +3%.
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1. Introduction
In 2016, 91% of the worldwide population lived in places where the air pollution level exceeded the World Health Organisation standards, and ambient air pollution is estimated to cause 4.2 million premature deaths annually (World Health Organization, 2018). As one of the main sources of air pollutant emissions, the transport sector has implemented various interventions aimed at mitigating air pollution, such as stricter vehicle emissions standards. Public transport is generally considered to be more sustainable than private road transport, with potential benefits including improving air quality (Slovic et al., 2016). An increase in public transport supply can cause complex reactions in various sectors in a city, consequently affecting activities and air pollutant emissions in a number of ways. Gonzalez-Navarro & Turner (2018) investigated the effects of a subway network extension on city population, transport mode substitution, and city configuration with data from 632 of the largest cities in the world. They found that subway expansion has little impact on population growth but can cause cities to decentralise, though the effect can be 10 times smaller than that resulting from highways. Their analysis also suggested that a 10% increase in subway extent causes a 6% increase in subway ridership, mostly due to mode substitution from other transport modes towards the subway, however with little effect on bus ridership. With a case study of the Regional Express Rail extension in the Paris metropolitan area, Mayer & Trevien (2017) found that the extension of urban rail transport had no impacts on population, but increased employment and firm location, and attracted highly-skilled households. Beaudoin, Farzin & Lin Lawell (2015) summarised the possible pathways by which public transport supply can affect air quality based on the traditional ‘four-step model’ in transport demand modelling. They highlighted the differences in mechanisms between the short-run equilibrium (such as trip redistribution) and the long-run equilibrium (such as changes in land use and car ownership). For ex-post assessment and to inform future investments, it is essential to understand whether and to what extent public transport provision has improved air quality in the past.
While statistical association describes a non-directed relationship between two variables, causation seeks to quantify the net influence of a treatment (e.g. public transport) on an outcome of interest (e.g. air quality) through all possible pathways directing from the treatment to the outcome (Altman & Krzywinski, 2015; Pearl, 2010, 2018). The term ‘treatment’ and ‘intervention’ are interchangeably used in this paper. The identification of a causal relationship can be biased by confounders and selection bias. A confounder is defined to be a common cause of both the putative cause and its outcome (Wunsch, 2007). Weather conditions and seasonality effects are considered to be important confounders when evaluating the causal effects on air quality time series and are generally required to be controlled (Hausman & Rapson, 2018). Selection bias arises when the treatment assignment is non-randomised (Bareinboim & Pearl, 2012). As a public transport intervention is generally a non-randomised and mostly non-experimental process, the main challenge is to identify and quantify the causal relationship between a public transport intervention and air quality in the presence of confounders and selection bias with non-experimental data.
Causal inference methods have been used to quantify the causal relationship between public transport intervention and air quality in previous studies, such as regression discontinuity design (RDD), difference-in-differences (DID), and instrumental variable (IV) regression. RDD assumes that the treatment assignment is determined by the value of a forcing variable being on either side of a threshold (Imbens & Wooldridge, 2009). DID involves two groups (treatment group and control group) and two periods (before and after the intervention), assuming only the treatment group in the after-intervention period is exposed to the treatment (Imbens & Wooldridge, 2009). IVs can be used to control for unobservable confounders. A valid IV needs to be highly correlated with the treatment yet only affect the outcome through its influence on the treatment (Wunsch, 2007). The choice among different causal inference methods needs to consider whether the problem setting satisfies the corresponding method assumptions. 
By applying the RDD approach, Chen & Whalley (2012) found that a new urban transit system in Taipei reduced CO concentrations by 5 to 15% but had insignificant effects on NOx and O3 concentrations. Goel & Gupta (2015) found that the CO concentrations at a major traffic intersection were decreased by 34% by the opening of the Delhi metro system. Gendron-Carrier et al. (2018) focused on the impact of the subway opening in 39 cities around the world on aerosol optical depth. They found that aerosol optical depth in a 10 km radius disk surrounding a city centre decreased by 4% during 18 months after the subway opening. 
Based on the DID method, Rivers, Saberian & Schaufele (2017) evaluated the effects of worker strike actions in the public transit system in 18 Canadian cities on air quality during 1974-2011. Their findings indicated a 3.5 ppb increase in NOx and no significant effects on CO or PM2.5. Bel & Holst  (2018) found that a new bus rapid transit in Mexico City significantly reduced air pollutant concentrations (CO, NOx, and PM10) by 5 to 9%. 
With IV regression models, Lalive, Luechinger & Schmutzler (2013) concluded that the railway service frequency growth between 1994 and 2004 reduced CO, NO, NO2 pollution, and infant mortality in Germany. Beaudoin & Lin Lawell (2016) evaluated the causal impact of public transit capacity on air quality (CO, Pb, NO2, O3, PM, and SO2) in 96 urban areas across the United States during 1991-2001. Elasticity estimates suggested that a 10% increase in transit supply resulted in a 2.29% increase in NO2 concentrations and a 2.87% increase in PM10 concentrations. According to their explanation, the deterioration in air quality after improving public transport supply can due to a relatively low cross-elasticity between road transport demand and public transport demand or due to induced demand in road transport following the increase in public transport supply. 
Previous studies mainly focussed on the city-level or country-level evaluation. In the aforementioned studies, data from different monitoring sites were either averaged to represent a higher spatial level air quality condition or treated as panel data to estimate the treatment effect at a higher spatial level, except for Goel & Gupta (2015). Goel & Gupta (2015) evaluated the effects at different monitoring sites with separate models yet only two monitoring sites were considered, which cannot provide a full understanding of the spatial heterogeneity of treatment effects. Furthermore, different types of air quality monitoring sites (roadside/background) have not been distinguished in previous studies. While roadside concentrations are mainly affected by transport emissions, background concentrations can be affected by various sectors, such as domestic, transport, industry, and energy supply emissions sources. Public transport provision could therefore cause different effects on roadside and background concentrations. All but one aforementioned studies include weather and/or seasonality controls, but commonly by including variables in the causal inference model and assuming a parametric relationship. Due to complex atmospheric processes, collinearity and interactions can exist among meteorological variables and the air quality level, and the relationships among these variables can be non-linear (Grange & Carslaw, 2019). Therefore, representing the relationship between air quality and meteorological variables with parametric statistical models can be very challenging.   
The reported causal effects of public transport provision on air quality in different cities are inconsistent, both in magnitude and direction (air pollution increase/decrease) of effect. This inconsistency is likely due to the interactions existing in the pathways from public transport provision to air quality, and to different choices of methodological approach and estimation methods. The interactions in the impact pathways are dependent on various factors, including demographics and economic factors, transport network structures, and land use distributions (Beaudoin, Farzin & Lin Lawell, 2015). 
In this paper, we evaluate the short-run and long-run causal impacts on air quality of a major public transport intervention in London, the Jubilee Line Extension (JLE), with a sharp RDD model that captures the spatial heterogeneity of impacts for different air pollutants at different types of monitoring sites (roadside and background). The meteorological normalisation technique is applied with a non-parametric model, gradient boosting decision trees (GBDT), to control the weather and seasonality effects. Change point detection (CPD) is conducted to find mean-shifts in normalised concentration trends. Both the CPD and the meteorological normalisation are used to justify the assumptions of a valid RDD and to support the RDD model specification. The JLE in 1999 was a major addition to the London Underground network, aimed at increasing accessibility and support development along the route (Omega Centre of University College London, 2014). As a major investment and improvement in public transport provision, it is necessary to understand the effects caused by the JLE on air quality to inform future investments. 
2. Materials and methods
To quantify the causal impacts of the JLE on air quality, a sharp RDD model is specified at individual air pollution monitoring sites, including roadside and background locations. Meteorological normalisation and CPD are conducted to support and justify the sharp RDD model before model specification. Five main air pollutants are considered: NO2, NOx, O3, CO, and PM10. NO2, O3, CO, and PM10 are regulated pollutants under the Directive 2008/50/EC.  NOx (NO + NO2) data is also available and included to provide additional insight. 
2.1 Data description
Hourly air pollutant concentrations (CO: ; others: ) are extracted from open-source data from the London Air Quality Network (King’s College London, 2018). Hourly temperature (), wind speed (), wind direction (), atmospheric pressure (hPa) are observations from the Integrated Surface Database (ISD) of the U.S. National Oceanic and Atmospheric Administration (NOAA) (NOAA, 2008), and the hourly relative humidity (%) is calculated with the temperature and dew point observations in the ISD (see Table 1). Hourly rainfall (mm) is from the UK Meteorological Office (Met Office) (Met Office, 2020). To additionally consider the atmospheric stability, the Monin-Obukhov length () is calculated with the meteorological pre-processor, AERMET, developed by the U.S. Environmental Protection Agency (EPA) (EPA, 2019). AERMET requires upper air radiosonde observations and land surface observations, both of which are from the NOAA databases (NOAA, 2020, 2008).  London Heathrow is used for the land surface data and Herstmonceux West for the upper air data. Details are shown in Table 1.
Roadside and background monitoring sites are distinguished in our study. Roadside monitoring sites are located within 1 to 5 m of a busy road with sampling heights of 2-3 m above ground. Background sites are positioned away from major emission sources and measurements are broadly representative of town/city-wide background concentrations (Greater London Authority, 2018).
[bookmark: _Ref13663505]Table 1: Spatial-temporal granularity and source of model variables
	Variable
	Type (a)
	Granularity 
	Data Source

	
	
	Spatial
	Temporal
	

	Air pollutant concentration
(CO: ; others: )
	observation
	Monitoring site
	Hourly
	King’s College London (2018)

	Wind speed (m/s)
	observation
	London
	Hourly
	NOAA (2008)

	Wind direction ()
	observation
	London
	Hourly
	NOAA (2008)

	Temperature ()
	observation
	London
	Hourly
	NOAA (2008)

	Atmospheric pressure (hPa)
	observation
	London
	Hourly
	NOAA (2008)

	Relative humidity (b) (%)
	calculation
	London
	Hourly
	NOAA (2008)

	Rainfall (mm)
	observation
	London
	Hourly
	Met Office (2020)

	Monin-Obukhov length (c) (m)
	calculation
	London
	Hourly 
	NOAA (2008, 2020)


(a) Model variables are either the observations from a data source or calculated with the data from data source(s);
(b) Relative humidity (RH) is approximately calculated with temperature and dew point  by RH100* (Linsley, Kohler & Paulhus, 1982);
(c) Monin-Obukhov length is calculated by AERMET with land surface observations and upper air observations.
2.2 Regression discontinuity design and causal inference
The Rubin Causal Model is a primary research framework for causal inference. Rubin (1974) defines the average treatment effect (ATE) as  where (,) represents a pair of potential outcomes of unit  assuming a binary treatment experiment where the treatment assignment indicator,
. 
 indicates the outcome of interest that would be realised if the unit  is not exposed to the treatment while  indicates the outcome of interest that would be realised if it is exposed to the treatment. The fundamental problem of causal inference is that we can at most observe one outcome from each pair of  because the unit can be exposed to only one level of treatment (Holland, 1986). The realised potential outcome of unit  can be represented by . Generally, for processes that cannot be randomised, a more complex approach is necessary;  a simple comparison of the observed outcome of the treatment group before and after the intervention or a comparison between the treatment group and a control group can lead to selection bias under a non-randomised process: that is   when .
Sharp RDD is a method that can be used when the treatment assignment is non-randomised. It assumes the treatment assignment is determined by the value of a forcing variable  being on either side of a threshold, c. That is,
 . 
Although first introduced in 1960 (Thistlethwaite & Campbell, 1960), this approach did not gain much attention until the late 1990s (Lee & Lemieux, 2010). Hahn, Todd & Van Der Klaauw (2001) formalised the RDD approach under the treatment effect framework and showed that the continuity of baseline covariates (all other variables except for , and ) with respect to the forcing variable  is a key assumption of a valid RDD. The formalisation of the RDD approach in econometrics and the understanding of the key identification assumption are likely causes for the increasing use of the RDD approach since the late 1990s (Lee & Lemieux, 2010). 
The ATE under a sharp RDD can be represented by , where the second equality holds by assuming for , are continuous in  (Imbens & Wooldridge, 2009). Lee & Lemieux (2010) discussed the validity and generalisability of the  estimate under a sharp RDD. As mentioned, the continuity assumption of baseline covariates and that of potential outcomes are made in an RDD model. Lee & Lemieux (2010) showed that both of these continuity assumptions are naturally satisfied when there is a continuously distributed random component in  beyond the control of treatment units. In other words, the RDD is valid as long as treatment units cannot precisely manipulate the treatment assignment. As for the generalisability, the ATE under a sharp RDD is the ATE across units where . It can naturally be generalised to the population ATE when the treatment effect is constant. If the treatment effect is variable across units, Lee & Lemieux (2010) mathematically proved that the  estimate here is a weighted average of individual treatment effects. This is verified by a Monte Carlo simulation by Hausman & Rapson (2018), where they assumed a time-varying treatment effect and found that the estimation result of the RDD treatment effect also relies on data points away from the threshold . 
In a time series analysis with an intervention starting at a time , a general sharp RDD model, with the time variable  as the forcing variable, can be represented by
	,
	(1)


where  is the outcome of interest at time ;  is the treatment assignment indicator; and  control the time trends before and after the intervention, where a common setting is  and   (Lagarde, 2012). The main coefficient of interest is . It represents the difference in intercept at the start of the intervention, that is , and consequently can be interpreted as the ATE under the sharp RDD settings. Additionally, while  controls the long-term (secular) trend of ,  estimates the change in the trend after the intervention.
Hausman & Rapson (2018) reviewed recent applications of regression discontinuity in time (RDiT), i.e. RDD with time being the forcing variable, in several economics fields, particularly environmental and energy fields, and compared RDiT with the standard RDD. Several features of RDiT that differ from the standard RDD, and consequently, potential pitfalls affecting RDiT were highlighted. First, they discussed the interpretation of RDiT. Lee (2008) justified that the RDD approach can be theoretically regarded as a random trial locally around the threshold of the forcing variable, making the causal inferences from an RDD potentially more credible than from other natural experiments strategies (such as DID and IV). However, Hausman & Rapson (2018) considered that this advantage does not exist in the RDiT, as the forcing variable (time) cannot be regarded as being randomly assigned locally around the threshold. While a density test on the forcing variable is commonly used in the standard RDD to test the existence of self-selection into/out of the treatment, it becomes irrelevant in RDiT because the forcing variable (time) is uniformly distributed regardless of intervention. Second, the RDiT is identified in the T dimension while a standard RDD in the N dimension. This makes the RDiT generally more vulnerable to unobservable confounders as it commonly relies on expanding the length of the research period to increase the sample size (Hausman & Rapson, 2018). Meanwhile, in a standard RDD, incorporating baseline covariates into the model is not essential if the RDD is valid. The inclusion of baseline covariates is to reduce the sampling variability in the RDD estimates, i.e. increase precision (Lee & Lemieux, 2010). However, it may be necessary to control baseline covariates in an RDiT model, as some baseline covariates may be correlated with the forcing variable (time) and consequently cannot satisfy the continuity assumption around the threshold. Particularly, unobservables can be correlated with time, which emphasises the inclusion of seasonality variables (Hausman & Rapson, 2018). Third, Hausman & Rapson (2018) suggested considering the autocorrelation features of time series both in the outcome and in the residuals of regression, as they can bias the model estimation and statistical inference if ignored. 
2.3 Model specification
With an explicit opening time, the JLE is conceptually consistent with the RDD approach with the opening time as the threshold of the forcing variable, time. Meteorological normalisation (see §2.3.1) is applied to remove the variation in the outcome of interest (air pollutant concentration) that can be explained by the important baseline covariates (meteorological variables and seasonality variables). ‘Residualising’ the outcome, by subtracting from the outcome a prediction based on the baseline covariates, and then applying an RDD analysis on the residuals is suggested by Lee & Lemieux (2010). Breakpoints in the normalised air pollutant concentration time series are found using CPD (see §2.3.2), which identifies discontinuities in the outcome that can be related to the JLE (justifying the use of a sharp RDD), and to truncate the time series to specify pre- and post- periods for the sharp RDD model (supporting the sharp RDD specification) (see §2.3.3). Specifying the pre- and post-periods of the sharp RDD model with detected change points mitigates the risk of evaluating interventions unrelated to the JLE. The autocorrelation feature of the air pollutant concentration is accounted for by including lagged dependent variable(s) in the sharp RDD model (see §2.3.3). Newey-West standard errors are computed to account for the autocorrelation in residuals of regression, as they are heteroscedasticity and autocorrelation consistent (HAC) (see §2.3.3). The research framework is illustrated in the Supporting Information (SI) §S1.
The continuity test on the baseline covariates is an alternative to the continuity test on the density of the forcing variable, both of which are used to detect the existence of precise manipulation. Local randomisation is a consequence of no precise manipulations (Lee & Lemieux, 2010). Although the density test is not possible in the RDiT approach, the validity of our sharp RDD specification is justified by incorporating important baseline covariates before the causal effect estimation. 
2.3.1 Meteorological normalisation
The aim of meteorological normalisation is to removing meteorological influences on the air pollutant concentration time series (Libiseller & Grimvall, 2003). Meteorological normalisation has been applied in various intervention studies related to air quality, with random forest and GBDT approaches used for the base model that describes the relationship between the air pollution concentration and explanatory variables (Grange & Carslaw, 2019; Grange et al., 2018; Walker et al., 2019). We now specify the base model, explanatory variables, and normalisation method in our meteorological normalisation process. 
Base model and explanatory variables
Considering the nonlinearity and complexity of the relationships among model variables, we use a non-parametric model, GBDT, as the base model. GBDT is an ensemble of sequentially-built decision trees. Each tree is a weak learner and fitted on the negative gradients of data points indicated by the previous trees (Friedman, 2002; Ke et al., 2017). 
Meteorological variables in the base model include temperature, wind speed, wind direction, atmospheric pressure, relative humidity, rainfall, and Monin-Obukhov length. In addition to meteorological variables, seasonality variables are also included to approximate the periodical pattern of air pollutant emissions, as highlighted by Hausman & Rapson (2018). Seasonality variables considered in the base model include the hour of the day (numeric), day of the week (categorical), and day of the year (numeric). A time variable, using the Unix time, is also included to represent the long-term trend of the concentrations.
A GBDT model is built on hourly pollutant concentration time series at individual monitoring sites. To improve the performance of a complex model fitting on a large dataset, key hyperparameters of individual GBDT models are automatically tuned using Bayesian optimisation. Bayesian optimisation is a sequential model-based optimisation process that provides an informed search on a computationally cheaper surrogate model instead of on the actual objective function (Shahriari et al., 2016). In our method, the generalisation performance of the GBDT model is used as the objective function of hyperparameter tuning, which is evaluated by a modified hv-blocked cross-validation to accommodate the features of the time series, following the method proposed by Racine (2000).
The GBDT model training and hyperparameter tuning with Bayesian optimisation are implemented in python, respectively with lightGBM (Ke et al., 2017) and scikit-learn (Pedregosa et al., 2011) library. Further details on the GBDT model tuning can be found in the SI §S2. 
Normalisation
After building the GBDT model to represent the influences of meteorological and seasonality variables, a normalised concentration is derived by iteratively sampling the original regressor matrix at random and predicting with the fitted GBDT model:
	,
	(2)


where  is the normalised concentration of air pollutant  at site  at time ;  is the fitted GBDT model for air pollutant  at site ;  is the time variable, with being its value represented by the Unix time;  is the original regressor matrix, containing the values of all explanatory variables;  is the value of the -th sample of  with all variables excluding ;   is the number of iterations. This normalisation process is similar to the method in the deweather  R package (Carslaw, 2019). If the sampling procedure goes through every sample in  without replacement, then the normalised time series is the partial dependence of the time variable , which shows the marginal effect of  on predicting the response variable (air pollutant concentration) by the fitted model (Friedman, 2001). However, considering the computation cost, the normalised concentration at time  is specified as the mean value of 400 predictions under random meteorological and seasonality conditions (). 
An example of an air pollutant concentration time series before and after the meteorological normalisation is shown in the SI §S2. The performance of the GBDT models and the improvement in model performance by the hyperparameter tuning are also discussed in the SI §S2.
2.3.2 Change point detection
The CPD is an important research area in statistics and signal processing and has had various practical applications, such as in speech recognition, medical condition monitoring, and bioinformatics (Aminikhanghahi & Cook, 2017; Truong, Oudre & Vayatis, 2020). Examples of applications in air quality analysis include Carslaw & Carslaw (2007), Carslaw, Ropkins & Bell (2006), Libiseller et al. (2005), and Grange & Carslaw (2019). Truong, Oudre & Vayatis (2020) characterised the CPD algorithms by three key elements: a cost function (a homogeneity measurement), a search method (exact/approximate), and a constraint on the number of changes (if the number of change points is unknown/not assumed). 
The hourly normalised concentrations (c.f. §2.3.1) are aggregated to weekly averages to conduct the CPD. The number of change points is unknown in our research problem. A CPD algorithm is specified to find an exact solution (search method) to detecting the mean-shifts (cost function) in time series under a penalty (constraint) on the number of change points. In the algorithm, any change points indicating a time series segment less than 4 weeks are skipped. The CPD is implemented in python with the ruptures library (Truong, Oudre & Vayatis, 2020). Details on the CPD algorithm specification can be found in the SI §S3. We denote the output of the CPD for pollutant  at site  as the change point series , where  is the -th detected change point. 
2.3.3 Sharp RDD model
We now specify the process to evaluate the causal effects of the JLE on air quality based on normalised air pollutant concentrations and detected change points. 
Response identification
To justify the use of sharp RDD, it is necessary to check whether there is a discontinuity (change point) in the outcome at the threshold of the forcing variable, which is the start time of the intervention in the RDiT (c.f. Eq.(1)). We test this with the results of CPD. Instead of strictly checking at the threshold, we introduce a margin period (MP) around the threshold, considering the potential for uncertatinties, lags and delays. The response identification process (c.f. §2.3.1 and §2.3.2) is a stochastic process  and sources of uncertainty include the air quality and weather observations, the model fitting, and meteorological normalisation process. 
The initial MPs are defined around intervention start times:  [,], where  controls the initial size of the MP and reflects the expectation of uncertainty, and  is the element in  containing the key dates relevant to the JLE. Each  is considered to be a separate intervention. The initialisation indicates a one-to-one mapping relationship between the MP and the intervention. However, if overlapping MPs exist, it is difficult to distinguish which intervention the normalised concentration time series reacted to. Therefore, we scan the initial MPs in chronological order, combine overlapping MPs and update the mapping relationship. The final MPs are denoted as , where . The mapping relationship associated with a final MP, records the index of initial MPs (also is the index of interventions) that are used to generate  denoted as . 
The identification of the response related to the JLE is implemented by checking each change point series  on each , and we denote to contain the index of any change point in   that lies within . If a normalised concentration time series has change point(s) within, that monitoring site is considered to have responded to an intervention in . If  is mapping to only one intervention, , a sharp RDD model is then specified with  being the threshold to estimate the magnitude of the response to the intervention . If  is related to several interventions (), this normalised time series is considered to possibly react to any intervention in . A sharp RDD model is then specified individually with each intervention in being the threshold. In this case, a group of possible causal effect estimates is provided. As normally there is only one change point within an MP, a representative is selected among the possible causal effect estimates considering their magnitude and statistical significance. Details on criteria in selecting the representative causal effect estimate can be found in the SI §S1. 
Research period specification
To mitigate concerns about unobservable confounders and unrelated interventions, the research period of each sharp RDD model is specified as a subsample of the entire normalised time series, considering the detected change point series  and its . When , that is with an identified response, a sharp RDD model is specified with each  being the threshold, and estimated with the normalised concentrations within the period , where , the lower bound index  , and the upper bound index . The length of pre- and post- period specified in the case study are given in the SI §S4.
Model specification and estimation
We now specify the main model we use to evaluate the air quality impacts of the JLE, which is based on the general form of a sharp RDD with time as the forcing variable (c.f. Eq.(1)). To mitigate the influence noise component in time series, the normalised hourly concentrations are averaged to the daily level. The model with  being the threshold is then specified as:
	
	(3) 


where  is the natural logarithm transformation of the normalised concentration of pollutant  at site  at day ;  is the intervention indicator;  is the secular trend function, assuming , and  affects the post-intervention trend, assuming ; the value of time  and  is represented by the Unix time if included as variables;  is the lagged dependent variable where   is the order of lag and  is the maximum lag order to be considered; and  is the error term. While  controls the long-term (secular) trend of ,  estimates the change in the trend after the intervention. The coefficient  represents the correlation in pollutant concentrations at current day and  days before. The coefficients  represent the autocorrelation features of the daily average concentration time series.
The main coefficient of interest is , which is the difference between the intercepts of this discontinuous model at   (c.f. §2.2). It can be interpreted as the ATE where , and can be generalised as the population ATE (if assume constant treatment effect), or the weighted ATE across time (if assume variable treatment effect) (c.f. §2.2). When the autocorrelation features are considered in the model, as in Eq.(3), the coefficient  can be regarded as an impact multiplier. The total effect of the JLE, , is derived with the impact multiplier  and the autocorrelation coefficients  to calculate the sum of the impact from the current daily period and the stacked impacts from the lagged daily periods (Henderson, 1996), see SI §S5. By using the natural logarithm transformation of the daily average air pollutant concentration as the dependent variable, the estimation of  can be interpreted as the percentage change in daily average concentration caused by the JLE (Benoit, 2011). The main model is estimated by Ordinary Least Squares (OLS) with Newey-West standard errors. Assumptions to validate the consistency of an OLS estimator are satisfied in our model and Newey-West standard errors are calculated as they are HAC. The preliminary form of Eq.(3) with the candidate  is estimated first. Any lagged dependent variables or trend variables with statistically insignificant coefficients (at the 10% level) are then removed. The model with the remaining variables is estimated again. The total effect of the JLE,  is estimated based on the final estimation of the impact multiplier, , and the remaining lagged dependent variable coefficients,  
To represent the uncertainty in the estimation of , we compute the interval estimate of  with a Monte Carlo simulation. Within each Monte Carlo iteration, a  is estimated with random values of  and , each of which is drawn from a normal distribution with the mean being the point estimate of the coefficient and the standard deviation being the estimated standard error. The Central Limit Theorem guarantees that the OLS coefficient estimate will follow a normal distribution if the sample size is large enough (Lumley et al., 2002). The 90%, 95%, and 99% confidence interval (CI) of  are respectively represented by a percentile interval from the  estimates simulated from 10,000 Monte Carlo iterations. The mean value of these 10,000 estimates is used as the central estimate of . Statistical significance of  at the 10%, 5%, and 1% level are respectively determined if the 90%, 95%, and 99% CI does not straddle zero. The set of simulated  estimates for each case (site , pollutant , intervention ) is denoted as  and also stored for the uncertainty estimation of the city-wide mean effect. The robustness of the  estimate to trend function specifications is discussed in the SI §S8.
City-wide mean effect
To aggregate the effect estimates at different monitoring sites, we estimate the city-wide mean effect on pollutant  at margin period  with bootstrapping. By implementing the bootstrapping with a two-step sampling process, the uncertainty in the  estimate is additionally considered. The roadside sites and background sites are aggregated separately. For the interval estimate of the city-wide mean effect on pollutant  at margin period , we first denote  as the set of all monitoring sites for air pollutant , which contains two components:  includes the sites for which a change point was detected within , and includes the sites for which no change points were detected within . Then, in each bootstrapping replication , the first step samples the sites; a new set of sites (also of the same size with ) is randomly resampled with replacement from , denoted as . The second step samples the  estimates; for each site ,  where , or  is randomly chosen from a  set where . Here, contains the 10,000  estimates simulated for the case of (,, ). Depending on whether  is relevant to several interventions, the referred intervention  here is either the single element of  or the representative intervention for the case of (,) (c.f. SI §S1). The mean value for replication is calculated across the selected  of each element in . With the mean values from 1,000 replications, the 95% CI of the city-wide mean effect is given by the percentile interval and the central estimate of the city-wide mean effect is given by the average across all mean values. The same approach is used to estimate the mean response on pollutant  at margin period , where the bootstrapping is applied only on the sites in .
Long-run effect estimation
In addition to the total effect estimate above, a long-run effect of the JLE is estimated by introducing a long-run multiplier to the coefficient  in Eq.(3). The long-run effect represents how much the daily average concentration would eventually change in response to a permanent change in the assignment indicator . It is derived by assuming the stacked effects on lagged periods going to the infinite future (Cuddington & Dagher, 2015):
	
	(4) 


where  is the long-run multiplier containing the autocorrelation coefficients  .
To distinguish the long-run (LR) total effect, assuming stacked effects going to the infinite future, and the total effect with finite stacked effects in the above subsections, we refer the latter as the short-run (SR) total effect in the rest of the paper. Further details of the derivation of these two total effects are given in the SI §S5.
We use the point estimate of the coefficient  and  in the final model to give a point estimate of . The statistical significance of  is assumed to be the same as that of the impact multiplier . The mapping of the long-run total effect estimate from an intervention to a margin period follows the same process for the short-run total effect estimate (c.f. SI §S1). 
The city-wide mean of the LR total effects is averaged across all monitoring sites, with any statistically insignificant LR total effect (at the 10% level) adjusted to zero and any LR total effect at sites that did not show a response set to zero. The same approach is applied to estimate the LR mean response, which aggregates the effects across all responded sites.   
2.4 Case study specification
In this paper, we present a case study of a major public transport intervention in recent years in London, the JLE. As part of the JLE, six new Underground stations were built and five were enlarged or rebuilt at a total cost of approximately £3.5 billion. The extension was opened in six phases, starting from 14th May 1999 and ending on 22nd December 1999. After the extension, the Jubilee Line includes 27 stations, from Stanmore in a suburban area in the west, through central London and the Docklands Regeneration area, to Stratford in the east, which is a primary retail, cultural and leisure centre. Most of the extension stations are transfer stations, providing transfers to other Underground lines and also other public transport modes (such as national rail, Docklands Light Railway, and bus). 
The dates of different phases of JLE opening are considered as separate interventions, constructing the intervention set {}. As indicated in Table 2, the first MP, as  is directly related to the first phase opening. However, the initial MPs related to  and  (opening phases 2-6) overlap with each other. A general MP is thus created for these latter phases, as . With the specification of JLE margin periods, air pollutant concentrations at each monitoring site are checked for change points related to the first phase of JLE opening () and/or the latter phases of JLE opening (). The magnitude of the short-run and long-run total effect is evaluated with the sharp RDD model if the response is identified. 
[bookmark: _Ref49295055]Table 2: Key dates of JLE opening, with relevant London Underground stations and margin periods.
	Phase
	Date (a)
	Stations (a)
	Initial margin period (b)
	Final margin period

	1
	1999-05-14
	Stratford – 
North Greenwitch
	[1999-04-12, 1999-06-07]
	First phase:
[1999-04-12, 1999-06-07]

	2
	1999-09-17
	North Greenwitch –
Bermondsey
	[1999-08-16, 1999-10-11]
	Latter phases:
[1999-08-16, 2000-01-17]

	3
	1999-09-24
	Waterloo
	[1999-08-23, 1999-10-18]
	

	4
	1999-10-07
	London Bridge
	[1999-09-06, 1999-11-01]
	

	5
	1999-11-20
	Southwark, Green Park
	[1999-10-18, 1999-12-13]
	

	6
	1999-12-22
	Westminster
	[1999-11-22, 2000-01-17]
	


(a) (Omega Centre of University College London, 2014);
(b) The start and end of the initial MP are relocated to the Monday of a week to be consistent with the aggregation level in the CPD.
Five years of hourly air pollutant concentrations data from 1998 to 2001 are used. For each air pollutant, monitoring sites are screened separately based on data quality. A particular site is included in the study only if at least 80% of daily intervals have valid daily average data on both sides of the earliest intervention, i.e. the first phase opening. A daily average is considered valid only if at least 75% of hourly intervals within the day have complete observations. 
We note that the Lewisham extension of the Docklands Light Railway (DLR) was opened on the same day of the 5th phase of the JLE opening and that several stations on the JLE section are a transfer station to the DLR. Therefore, it is difficult to separate the effects of the Lewisham extension and the latter phases of JLE opening (2nd margin period) based on air quality observations, if the effect estimate of 5th phase JLE opening is selected as the representative for the latter phases JLE (c.f. SI §S1 and §SI S7). The representative results selected in the analysis of the latter phases JLE are given in the §SI S7.
3. Results and discussion
In this section, we discuss the JLE’s causal effects on air quality with respect to NOx, NO2, and O3 for the first phase and the latter phases of opening. The PM10 and CO concentrations generally had fewer significant identified responses and a discussion of these pollutants is included in the SI §S6. The robustness of causal effect estimates to the trend function specification is discussed in the SI §S8.
3.1 Effects on NOx concentrations
As indicated in Figure 1, 63% of the monitoring sites (background: 12/20; roadside: 7/10) have detected change point(s) within the margin periods of the JLE. The number of sites that showed a response to the latter phases JLE is twice that of the first phase, both at background and roadside sites. Most of the sites showed a response to either of these two periods, with only three background sites (BT1, BX1, and SK1) and two roadside sites (TH2 and WF1) having a change point in both the first and latter phases. 
The SR and LR total effect estimates of the JLE on NOx concentrations are summarised in Table 3. The city-wide SR mean effects of the first phase of the JLE on background and roadside NOx concentrations are -0.28% [-0.65%, -0.02%] and -0.22% [-0.72%, 0.05%], respectively, with 95% confidence interval. The city-wide SR mean effect of the latter phases of the JLE are -0.85% [-1.44%, -0.35%] at background and -1.07% [-1.90%, -0.38%] at roadside sites. As indicated by the 95% CIs, the JLE generally caused a statistically significant SR decrease in NOx concentrations at the city level, but an insignificant city-wide mean effect on the roadside NOx concentrations at the latter phases. The magnitude of the SR total effect at each monitoring site is generally small (less than 3%), but all indicate a decrease in NOx concentrations. In the long-run, our results show that the first phase of the JLE may eventually cause a decrease in NOx concentrations within 1%. The LR total effects of the latter phases of the JLE are estimated to be higher, with an average decrease of -3% at background sites and -5% at roadside sites at the city-level.
Graphical summaries of the effects of the JLE on different air pollutants at different monitoring sites, including the sites where no response (change point) was detected, are shown in the SI §S9. Although the NOx concentrations at sites SK1 and BT1 (background), and TH2 (roadside) are detected to respond to both the first and latter phases of the JLE, their SR effect estimates are statistically insignificant (at the 10%) at the 1st phase JLE. SK1, BT1, and TH2 are located next to the Jubilee Line, but not along the section of the 1st phase opening.
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	(a) Background NOx concentrations
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	(b) Roadside NOx concentrations


[bookmark: _Ref49578863]Figure 1: Change point detection of normalised NOx concentrations. The trend is implied by truncating the time series with change points and comparing the average concentration in the segments right before and after the change point. Six phases of the JLE opening are illustrated with orange vertical lines. Two margin periods (the first phase and latter phases) are shaded grey. Monitoring sites are labelled with the site code.
[bookmark: _Ref49615810]Table 3: Summary of the JLE’s effects on NOx concentrations. 
	
	
	Background NOx
	Roadside NOx

	
	
	SR effect 
(%)(a,c)
	LR effect
(%)(b,c)
	Adj. R2
	SR effect 
(%)(a,c)
	LR effect
(%)(b,c)
	Adj. R2

	First 
phase
	Response
	5 of 20 sites
	3 of 10 sites

	
	std
	1.03
	1.91
	0.068
	0.93
	3.84
	0.127

	
	min
	-2.40
	-4.56
	0.692
	-1.60
	-6.65
	0.715

	
	max
	0.00
	0.00
	0.859
	0.00
	0.00
	0.966

	
	mean 
response (d)
	-1.13 
[-2.00, -0.27]
	-1.78
	 
	-0.77 
[-2.13,  0.12]
	-2.22
	 

	
	city-wide 
mean (e)
	-0.28
[-0.65, -0.02]
	-0.45
	
	-0.22
[-0.72, 0.05]
	-0.67
	

	Latter
phases
	Response
	10 of 20 sites
	6 of 10 sites

	
	std
	0.74
	3.70
	0.106
	0.39
	4.25
	0.152

	
	min
	-3.11
	-13.35
	0.626
	-2.36
	-14.83
	0.586

	
	max
	-0.88
	-2.46
	0.937
	-1.24
	-2.24
	0.992

	
	mean 
response (d)
	-1.73
[-2.60, -1.02]
	-5.87
	
	-1.81
[-2.69, -1.05]
	-8.12
	

	
	city-wide 
mean (e)
	-0.85
[-1.44, -0.35]
	-2.93
	
	-1.07
[-1.90,-0.38]
	-4.87
	


(a) The short-run total effect includes the impact from the current period and the stacked impacts from the lagged periods. Interval estimate is simulated with 10,000 Monte Carlo iterations. Standard errors of coefficients are HAC using 7 lags and without small sample correction.
(b) The long-run total effect includes the impact from the current period and the stacked impacts from the lagged periods assuming going to the infinite future. Point estimate is conducted with the point estimate of relevant coefficients. Standard errors of coefficients are HAC using 7 lags and without small sample correction.
(c) The standard deviation, minimum value, and maximum value are provided with statistically insignificant estimates (at the 10% level) adjusted to zero.
(d) The mean response is the aggregated effect across all sites where the concentrations responded to the intervention. The short-run mean effect is computed with 1,000 bootstrap resampling iterations. The long-run mean effect is the mean value across sites with statistically insignificant estimates (at the 10% level) adjusted to zero.
(e) The city-wide mean is the aggregated effect across all sites. The short-run mean effect is computed with 1,000 bootstrap resampling iterations. The long-run mean effect is the mean value across sites with statistically insignificant estimates (at the 10% level) adjusted to zero.
3.2 Effects on NO2 concentrations
As indicated in Figure 2, the change points within the margin periods were detected in the normalised NO2 concentrations at 43% of the monitoring sites (background: 9/20; roadside: 4/10) . Most of these sites showed a response to either of the first phase JLE or the latter phases JLE, and the site BT1 (background) is the only one that showed a response to both. BT1 is located next to the pre-extension section of the Jubilee Line. Compared with the NOx concentrations, the number of sites where the NO2 concentrations showed a response to the latter phases JLE is more than halved (NO2: 4 + 2; NOx: 10 + 6; background + roadside).
The SR and LR total effect estimates of the JLE on NO2 concentrations are summarised in Table 4. The city-wide SR mean effect of the first phase JLE on background and roadside NO2 concentrations are -0.18% [-0.48%, 0.01%] and -0.13% [-0.42%, +0.00%], respectively. The city-wide SR mean effect of the latter phases of JLE opening are -0.14% [-0.38%, 0.05%] at background sites and -0.23% [-0.75%, 0.00%] at roadside sites. The results show that the JLE generally had insignificant effects (at the 5% level) on the daily NO2 concentrations at the city-level. In the long-run, the JLE is estimated to decrease the daily average NO2 concentrations by up to 1% on average at the city-level. 
The results show that the JLE statistically significantly increased the NO2 concentrations at one background site in the latter phases, by 1% in the short-run and 3% in the long-run. However, no statistically significant increase in NOx concentrations are found (c.f. Table 3). Compared with the effects on NOx concentrations, the JLE caused fewer statistically significant responses in NO2 concentrations, with less consistent direction of the response (concentration increase/decrease).
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	(a) Background NO2 concentrations

	[image: ]

	(b) Roadside NO2 concentrations


[bookmark: _Ref50108856][bookmark: _Ref49473575]Figure 2: Change point detection of normalised NO2 concentrations. The trend is implied by truncating the time series with change points and comparing the average concentration in the segments right before and after the change point. Six phases of the JLE opening are illustrated with orange vertical lines. Two margin periods (the first phase and latter phases) are shaded grey. Monitoring sites are labelled with the site code.
[bookmark: _Ref49606817]Table 4: Summary of the JLE’s effects on NO2 concentrations. 
	
	Background NO2
	Roadside NO2

	
	SR effect 
(%)(a,c)
	LR effect (%)(b,c)
	Adj. R2
	SR effect 
(%)(a,c)
	LR effect (%)(b,c)
	Adj. R2

	First
phase

	Response
	6 of 20 sites
	2 of 10 sites

	
	std
	0.63
	2.63
	0.184
	0.82
	3.80
	0.033

	
	min
	-1.69
	-6.30
	0.469
	-1.16
	-5.38
	0.862

	
	max
	0.00
	0.00
	0.955
	0.00
	0.00
	0.909

	
	mean 
response(d)
	-0.62 
[-1.41, 0.03]
	-2.58
	
	-0.68 
[-1.72,0.06]
	-2.69
	

	
	city-wide 
mean(e)
	-0.18
[-0.48, 0.01]
	-0.77
	
	-0.13
[-0.42, +0.00]
	-0.54
	

	Latter
phases
	Response
	4 of 20 sites
	2 of 10 sites

	
	std
	0.87
	4.49
	0.070
	1.01
	6.34
	0.040

	
	min
	-1.49
	-7.78
	0.827
	-1.89
	-10.80
	0.921

	
	max
	0.56
	2.66
	0.976
	-0.46
	-1.84
	0.977

	
	mean 
response(d)
	-0.66 
[-1.45, 0.22]
	-3.18
	
	-1.19 
[-2.93, -0.22]
	-6.32
	

	
	city-wide 
mean(e)
	-0.14
[-0.38, 0.05]
	-0.64
	
	-0.23
[-0.75, 0.00]
	-1.26
	


(a) [bookmark: _Ref49557921]The short-run total effect includes the impact from the current period and the stacked impacts from the lagged periods. Interval estimate is simulated with 10,000 Monte Carlo iterations. Standard errors of coefficients are HAC using 7 lags and without small sample correction.
(b) The long-run total effect includes the impact from the current period and the stacked impacts from the lagged periods assuming going to the infinite future. Point estimate is conducted with the point estimate of relevant coefficients. Standard errors of coefficients are HAC using 7 lags and without small sample correction.
(c) The standard deviation, minimum value, and maximum value are provided with statistically insignificant estimates (at the 10% level) adjusted to zero.
(d) The mean response is the aggregated effect across all sites where the concentrations responded to the intervention. The short-run mean effect is computed with 1,000 bootstrap resampling iterations. The long-run mean effect is the mean value across sites with statistically insignificant estimates (at the 10% level) adjusted to zero.
(e) The city-wide mean is the aggregated effect across all sites. The short-run mean effect is computed with 1,000 bootstrap resampling iterations. The long-run mean effect is the mean value across sites with statistically insignificant estimates (at the 10% level) adjusted to zero.
3.3 Effects on O3 concentrations
Among the 16 background monitoring sites, five sites (~31%) have a change point in the normalised O3 concentrations within either margin period (see Figure 3). There is only one roadside monitoring site satisfying the data availability threshold (c.f. §2.4), but no change points are detected within the margin periods. 
As indicated in Table 5, the latter phases of the JLE are estimated to change the daily average background O3 concentrations by -1% to +0% in the short-run, with an insignificant city-wide mean effect of 0.01% [-0.14%, 0.16%], and by -2% to +2% in the long-run, with a city-wide mean effect of 0.02%. For the first phase of the JLE, the background O3 concentrations either showed no response or had an insignificant effect at each monitoring site. 
Compared with the effects on background NOx and NO2 concentrations, the JLE’s effects on background O3 concentrations are less significant. Among the 11 background sites where the NOx, NO2, and O3 are simultaneously monitored, only BT1 and EA1 had a statistically significant decrease in both of the NO2 and NOx concentration, yet no responses were detected for O3 concentrations, at the latter phases of the JLE. No other simultaneous effects of these pollutants are found. The O3 concentrations at these 11 sites had either no response or insignificant effects at either of the first phase or latter phases of the JLE.  
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	(a) Background O3 concentrations

	[image: ]

	(b) Roadside O3 concentrations


[bookmark: _Ref50108934]Figure 3: Change point detection of normalised O3 concentrations. The trend is implied by truncating the time series with change points and comparing the average concentration in the segments right before and after the change point. Six phases of the JLE opening are illustrated with orange vertical lines. Two margin periods (the first phase and latter phases) are shaded grey. Monitoring sites are labelled with the site code.
[bookmark: _Ref49626664]Table 5: Summary of the JLE’s effects on background O3 concentrations. 
	
	
	SR effect 
(%)(a,c)
	LR effect
(%)(b,c)
	Adj. R2

	First
phase

	Response
	2 of 16 sites

	
	std
	0.00
	0.00
	0.035

	
	min
	0.00
	0.00
	0.950

	
	max
	0.00
	0.00
	1.000

	
	mean 
response(d)
	0.16 
[-.034, 0.93]
	0.00
	 

	
	city-wide 
mean(e)
	0.02
[-0.05, 0.13]
	0.00
	

	Latter
phases
	Response
	3 of 16 sites

	
	std
	0.53
	1.87
	0.157

	
	min
	-0.61
	-1.69
	0.631

	
	max
	0.43
	2.04
	0.907

	
	mean 
response(d)
	0.11 
[-0.63, 0.75]
	0.12
	

	
	city-wide 
mean(e)
	0.01
[-0.14, 0.16]
	0.02
	


(a) The short-run total effect includes the impact from the current period and the stacked impacts from the lagged periods. Interval estimate is simulated with 10,000 Monte Carlo iterations. Standard errors of coefficients are HAC using 7 lags and without small sample correction.
(b) The long-run total effect includes the impact from the current period and the stacked impacts from the lagged periods assuming going to the infinite future. Point estimate is conducted with the point estimate of relevant coefficients. Standard errors of coefficients are HAC using 7 lags and without small sample correction.
(c) The standard deviation, minimum value, and maximum value are provided with statistically insignificant estimates (at the 10% level) adjusted to zero.
(d) The mean response is the aggregated effect across all sites where the concentrations responded to the intervention. The short-run mean effect is computed with 1,000 bootstrap resampling iterations. The long-run mean effect is the mean value across sites with statistically insignificant estimates (at the 10% level) adjusted to zero.
(e) The city-wide mean is the aggregated effect across all sites. The short-run mean effect is computed with 1,000 bootstrap resampling iterations. The long-run mean effect is the mean value across sites with statistically insignificant estimates (at the 10% level) adjusted to zero.

4. Conclusions
Our analysis shows that effect of the JLE on air pollution in some areas was greater than others, however across London the effect was small. Our results show that the JLE led to only small changes in air pollution at some specific locations; 63%, 43% and 29% of air pollution monitoring sites showed a response to the JLE in NOx, NO2 and O3 concentrations, respectively. For those sites that showed a response, the short-run changes were less than 3% in magnitude; -2% to +1% for NO2, -1% to 0% for O3, and -3% to 0% for NOx. The estimated long-run effects, which account for the effects on lagged daily periods stacking to the infinite future, are greater, ranging from -11% to +3% for NO2, from -2% to 2% for O3, and from -15% to 0% for NOx. Of the pollutants included in the study, the NOx concentrations were more responsive to the JLE, particularly to the latter phases of opening as the Jubilee Line became fully-functional, however the reason for this is unclear. These results imply that public transport provision on its own is not an effective strategy to improve air quality and that reducing air pollution requires a multi-faceted set of policies that aim to reduce emissions across all sectors.
Our effect esitmates at the city-level are mostly similar in magnitude to reported causal effects of other rail/metro interventions studied previously. The closest such study evaluated the effect of a new urban transit system in Taipei that opened in 1996 and included 12 stations using an RDD approach with time as the forcing variable (Chen & Whalley, 2012). The scale and timing of this intervention are similar to the JLE, but we note that the JLE was an addition to an existing network. The authors estimated that city-wide CO concentrations were reduced by 5 to 15% but that there were insignificant effects on NOx and O3 concentrations. While our results for NOx and O3 are similar, the results for CO differ: we found city-wide reductions in CO at background sites to be less than 1% and 3% in the short and long run, respectively (SI §S6). This indicates that there may be specific local factors that determine the extent to which public transport provision affects specific air pollutants. We also note that differences in the number of air quality monitoring sites, 37 in our study compared to 10 in the Taipei study, and approaches to controlling for meteorology.
The methodology we have applied in this paper, combining meteorological normalisation, change point detection and a sharp regression discontinuity design, is novel. This provides an opportunity to directly estimate the effect of an intervention on air quality without estimating the changes in activities in various sectors and the consequent changes in emissions and modelling the dispersion of the emissions. However, we note that the method is subject to some limitations that should be further explored. One important limitation is the attribution of the effect estimates. The proposed method provides the causal effect, which aims to estimate the net effect of the intervention through all possible pathways on air quality. Therefore, changes in different sectors can be offset by each other, indicating no effect under our method. Although there may be no net effect, the attribution of effects to different sectors or activites would also be of great interest to policymakers. However, this is not currently supported by this method without further analyses of additional data from other sectors. It should also be noted that the long-run effect estimate assumes the stacked effects go to the infinite future, and these may not be achieved in reality. As incorporating baseline covariates is not to improve precision but to reduce bias in the RDiT, the effect estimates we obtain using the method in this paper can potentially be biased if important covariates are omitted. Future work should include the sensitivity of the results to the parameter that defines the length of the initial margin period, the interval estimate of long-run effect, and different methods regarding the relationship between the effect estimate for a margin period and that for an intervention.
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