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Abstract
[bookmark: OLE_LINK19][bookmark: OLE_LINK20][bookmark: OLE_LINK1][bookmark: OLE_LINK2][bookmark: OLE_LINK3][bookmark: OLE_LINK4]Due to a lack of routine monitoring, bespoke measurements are required to develop ultrafine particle (UFP) land use regression (LUR) models, which is especially challenging in megacities due to their large area. As an alternative, for London, we developed separate models for three urban residential areas, models combining two areas, and one model using all three areas. Models were developed against annual mean ultrafine particle count cm-3 estimated from repeated 30-minute fixed-site measurements, in different seasons (2016-2018), at forty sites per area, that were subsequently temporally adjusted using continuous measurements from a single reference site within or close to each area. A single model and 10 models were developed for each individual area and combination of areas. Within each area, sites were split into 10 groups using stratified random sampling. Each of the 10 models were developed using 90% of sites. Hold-out validation was performed by pooling the 10% of sites held-out each time. The transferability of models was tested by applying individual and two-area models to external area(s). In model evaluation, within-area mean squared error (MSE) R2 ranged from 14% to 48%. Transferring individual- and combined-area models to external areas without calibration yielded MSE-R2 ranging from -18 to 0. MSE-R2 was in the range 21% to 41% when using particle number count (PNC) measurements in external areas to calibrate models. Our results suggest that the UFP models could be transferred to other areas without calibration in London to assess relative ranking in exposures but not for estimating absolute values of PNC.

1.Introduction 
Ultrafine particles (UFP) with diameters smaller than 100 nm are harmful to human health (HEI, 2013; Li et al., 2016) and of particular concern because of their extremely small size and relatively large surface area. This allows UFP to penetrate deeper into the lungs and potentially translocate into other organs through the bloodstream (Geiser et al., 2005) and the relatively large surface area of UFP increases their ability to carry hazardous substances (Li et al., 2016). In urban areas, it is suggested that UFP concentrations are strongly correlated with traffic emissions (Morawska et al., 2008). UFP concentrations are, however, not regulated or routinely monitored, hence there is limited information about UFP that could be used for epidemiologic studies, especially in relation to its spatial variability within urban areas. 

Land use regression (LUR) models have been extensively applied in assessing air pollution exposure since they were developed by Briggs et al. (1997). LUR models use spatial predictor variables on road traffic and land use derived from a Geographical Information System (GIS) to predict geospatial air pollution concentrations (i.e. ambient outdoor exposures). LUR models have been widely used to model air pollutants including NO2 and PM2.5 (Hoek et al., 2008; Eeftens et al., 2012; Beelen et al., 2013; de Hoogh et al., 2018). More recently, LUR models for UFP have been developed in some cities in North America (Sabaliauskas et al., 2015; Weichenthal, et al., 2016a; Weichenthal, et al., 2016b; Jones et al., 2019) and Europe (Hoek et al., 2011; Rivera et al., 2012; Montagne et al., 2015; van Nunen et al., 2017). In general, these models performed moderately well in predicting urban UFP concentrations, but generally worse than LUR models for other traffic-related pollutants such as NO2. The main challenge for developing UFP LUR models is data collection, where intensive work is required to conduct monitoring campaigns due to the lack of routine monitoring networks for UFP. 

In general, three types of measurement campaign have been used for UFP: (1) short-term monitoring, (2) mobile monitoring and (3) fixed-site monitoring. Short-term (e.g. 30 minute) monitoring usually involves repeated measurements in different seasons at a number of sites to represent geographical variations in UFP (Montagne et al., 2015; van Nunen et al., 2017), making it logistically very challenging in large cities. Mobile monitoring using vehicles or bicycles (Hankey and Marshall, 2015; Weichenthal et al., 2016a; Weichenthal, et al., 2016b) to carry monitoring equipment and measure UFP on selected routes.  Mobile monitoring is restricted to vehicle accessible routes, unavoidably focusing on UFP in the wake of traffic and sources alongside the road network, and thus UFP concentrations in residential background areas may be under-represented unless monitoring is pervasive. Some studies have used longer fixed-site sampling duration of one or two weeks in different seasons (Eeftens et al., 2016; Wolf et al., 2017). When monitoring across a spatially distributed network in large cities, fixed-site monitoring is however prohibitively expensive to implement, especially for UFP due to the cost of the sensors. Due to these challenges, a very limited number of LUR models for UFP concentration have been developed in major conurbations and megacities. To address this challenge, in this study we aimed to develop LUR models for UFP for three different neighbourhoods in London, which has recently become one of the world’s megacities, to test whether models developed using UFP measurements and predictor variables from one area or a combination of two areas could be transferred to other areas within the same city. 
2. Materials and methods
2.1 Study areas and monitoring campaigns 
The aim was to produce models applicable to residential addresses for use in epidemiologic studies. We therefore selected three areas one in the west covering an area of ~35 km2, one in the south covering an area of ~30 km2, and one in the north covering an area of ~30 km2 (Figure 1). Distances between the centres of each area were: West to South: 12.0 km; South to North: 13.7 km; North to West: 13.7 km. We avoided the centre of London as it is atypical of most residential areas across the city. A total of 40 sites were selected in each area, equally split between urban background (20) and urban traffic (20) sites, and spatially distributed to capture contrasts in traffic intensities and land use. Detailed sites locations can be found in Figure S1, Supporting Information (SI). Urban background sites were more than 100 m away from major roads. Urban traffic sites fell within 100 m of major roads. We selected the 100 m distance for differentiating between traffic and background sites following  LUR models development in the ESCAPE and EXPOsOMICS studies (Beelen et al., 2013; van Nunen et al., 2017). Additionally, as indicated by Karner et al., (2010) ambient UFP concentrations approach background levels at about 100 m from roads. All monitoring sites were located close to dwelling facades. UFP particle number count (PNC) was measured a total of three times at each site, with one measurement in each of the cold, warm and intermediate seasons. 
In all areas, UFP PNC (particles cm-3) was measured using a CPC 3007 (TSI Inc., Shoreview, MN) which operated at a flow of 100 mL/min measuring particles within the range of 10-1000 nm at 1-second intervals. Reference sites were established to continuously monitor for several weeks at a time at background locations and equipped with DiSCmini (Testo AG, Lenkirch, Germany), operating at a flow of 1000 mL/min measuring particles from 10-300 nm at 1-second intervals. Reference sites were established to temporally adjust each 30-minute measurement to produce a pseudo annual average for each site. All equipment was periodically co-located during the study to ensure comparability and consistency between measurements. All sites were visited between 0930 h and 1600 h on weekdays, avoiding peak traffic periods. 

2.2 Quality control of UFP PNC 
We compared mean and median PNC for each 30-minute site visit and reference station data to identify any measurement that may have been influenced by extreme short duration peaks due to localized unusual events that would not be representative of normal situations. Therefore, the ratio of median to mean PNC was produced for all 30-minute measurements. Outliers for ration was defined as: ratio > Upper Quartile + 1.5 (IQR). When a ratio was marked as an outlier, the corresponding measurement was further examined referring to the monitoring campaign notes. Monitoring data for reference site and sample sites were collected using different instruments (one CPC 3007 and two DiSCminis). Figure S2 and Figure S3 (Supporting Information) shows colocation results. We used linear regression to calibrate DiSCmini Two. 

UFP PNC at the local reference site were used to adjust monitored UFP levels for temporal variability following three steps based on previous studies (Montagne et al., 2015; van Nunen et al., 2017). Continuous monitoring at reference sites took place throughout each monitoring campaign but not covering the period between any two monitoring campaigns. Firstly, for each 30-minutes period of monitoring at the different sites, the corresponding mean 30-minute concentration was selected from the continuous data from the reference site and subtracted from the long term mean PNC from the reference site, a method referred to as differencing. Secondly, the resulting values were then added to the mean 30-minute PNC at each site. We also did the temporal adjustment using ratios. The difference adjusted measurement and the ratio adjusted method were strongly correlated, so we used the differencing method for temporal adjustment of each 30-minute measurement in this study. Finally, the adjusted annual average PNC for each site was calculated as the average of the three adjusted samples from that site. 

2.3 Potential predictor variables
Spatial predictor variables were calculated for each selected site, using the site coordinate and digital geographic data sets in a GIS. Site coordinates were obtained by creating points in Google Maps. Local digital geographic data included road traffic intensity, heavy vehicle intensity, population, household, land use (including building heights), distance to Heathrow airport and the number of restaurants (including cafes and fast food outlets). Variables on population, number of restaurants, and land use predictors were derived using the same circular buffer radii of 50, 100, 300, 500, 1000, 3000 and 5000 m from each monitoring sites. All traffic predictors were collected using circular buffer radii of 50, 100, 300, 500 and 1000 m and inverse distance from each monitoring site. Traffic and heavy traffic predictors were created, referring to a previous study (van Nunen et al., 2017). A description of predictor variables can be found in Supporting Information (SI), Table S1. The GIS source data used for this study were available as follows:
1. MasterMap®, Ordnance Survey (OS) ( https://www.ordnancesurvey.co.uk/), provided for land use information at 1 m accuracy and included building heights. 
2. Traffic data were based on traffic count data from Department for Transport (https://roadtraffic.dft.gov.uk) and include modelled traffic flows on minor roads from the Morley and Gulliver’s study (Morley and Gulliver, 2016). 
3. Household and population information were from the Office for National Statistics (ONS) ( https://www.ons.gov.uk/) (2011).
4. Data on the location of restaurants were collected from the OpenStreetMap application Overpass Turbo (https://overpass-turbo.eu).
5. The coordinates of a point location representing the centre for Heathrow airport was obtained from Google Maps (https://www.google.com/maps).
Buffer generation and distance calculations were conducted using the open source database PostgreSQL (https://www.postgresql.org/) with the GIS extensions of PostGIS (https://postgis.net/).

2.4 LUR model development and evaluation 
LUR model development procedures were based on previous UFP studies and modified to suit our data (Montagne et al., 2015; van Nunen et al., 2017). In multiple regression, the dependent variable was the pseudo long-term average PNC and the explanatory variables were GIS-based predictors. Before selection, predictors were examined manually so that a predictor variable was excluded when >=90% of monitoring sites had values of zero. Stepwise (forward) variable selection approach was used so that variables were prioritized that correlated the most with measured PNC. Each selected variable had to meet two criteria: 1) it gave an incremental R2 of greater than 1% in the model; 2) The direction of effect was as defined a priori (Table S1) (Supporting Information) and did not change the direction of effect of previously added variables. At the same time, other model parameters were checked including p-values (p-value <0.05 for variable entry; removed when p-value >0.1 after all variables were selected), collinearity (removed when variance inflation factor >2.5), and potential outliers (Cook’s D >1) were further examined. 

For each individual and combined area, 10 separate models were developed for each individual area or combined areas. A stratified random sampling approach was used to split monitoring sites in each area into 10 groups with equal numbers of traffic and residential sites per group. For each model, 90% (9 groups) of sites were used to develop a model and the remaining 10% (1 group) of sites were used for hold-out validation (HV). The model adjusted (adj-) R2 and root mean squared error (RMSE) were obtained from each individual model (Table S3, supporting information). Linear mixed-effect models with random intercept by area were also developed to test the area effects as a categorical variable for combined areas. All statistical analyses were performed using R software (https://www.r-project.org/). 

Data for model evaluation was the pooled predicted PNC values for the 10% of sites held out each time during model development. Mean squared error based R2 (MSE-R2) was used to evaluate the ability to predict the absolute PNC values (Basagaña et al., 2012). Values of MSE-R2 can be negative if the error term is larger than the variance of the measurements.



Models were also evaluated by Pearson correlation R2 (CORR-R2), for comparison with adj-R2 from model development, and RMSE, NRMSE (normalized by the range of PNC), the number and type of variables included in the models and contribution of each variable to total UFP. Models were transferred (i.e. external validation; EV) to other areas with and without linear regression calibration. Single area models were transferred to two other areas and two-area models were transferred to one area. Model transferability was evaluated by MSE-R2, RMSE, and NRMSE by comparing average predicted values form 10 models with measured values of PNC in the external areas.  

3. Results
3.1 Measured UFP PNC 
Final input data for each monitoring site included at least two adjusted mean 30-minute values of PNC. Figure 2 shows the median and range of average PNC in the three areas. A further summary of UFP PNC for all models is available in Table S2 (Supporting Information).  Median PNC was 43% higher in the west than south and 54% higher in the West than North. The West area also had greater variability in PNC (SD=5899) compared with the South (SD=4207) and the North (SD=2539) areas. 

3.2 Models developed for individual and combined areas
Table 1 shows summary statistics for measured PNC, average adj-R2 and RMSE from developing 10 models, and HV statistics for CORR-R2, MSE-R2, RMSE and NRMSE. The frequency of variable inclusion in the 10 models is shown in Figure 3. The relative importance of variables (i.e. incremental R2) and overall adj-R2 for single models and the 10 models developed using 90% of sites are presented in Table S3 (Supporting Information). Linear mixed-effect models with random Intercepts for each single area are shown in Table S4 (Supporting Information).

The average adj-R2 from the ten models (Table 1) ranged from 50% for the South-North combined area to 73% for the West area. Overall the predictions from the 10 models were highly correlated as shown in Figures S5-S13 (Supporting Information). All models for individual areas included five to six variables and had adj-R2 > 60%. Nearby traffic (within 100m) was included in all models (N=70; 10 models in each single and combined areas). Distance to Heathrow airport was included in all models for the West area, West-South area, West-North area and the All-areas model. Water surface, green space and number of restaurants were included in 6 out of 7 areas.  For the West and South areas, nearby traffic explained more than 43% of the PNC variability but only 23% of the variability in PNC in the North area.  Distance to the Heathrow Airport was included in the West area. 
All models combining two areas had five variables and adj-R2 >50%. All two-area models included traffic load on the major roads within a 50 m buffer. For the West-South and South-North areas, nearby traffic variables explained the largest proportion of variability in PNC. The West-South and West-North areas both included the variable on distance to Heathrow airport. Distance to the Heathrow airport explained the largest proportion of PNC variability in the West-North model. Nearby traffic explained the largest proportion in PNC variability in the All-areas model. There was low collinearity between variables in all models maximum VIF < 1.9). 

3.3 Model evaluation
[bookmark: OLE_LINK21][bookmark: OLE_LINK22][bookmark: OLE_LINK25][bookmark: OLE_LINK26][bookmark: OLE_LINK27][bookmark: OLE_LINK28]For the 10 models, compared with average model adj-R2 and RMSE, pooled HV CORR-R2 decreased by 8% to 35% and HV RMSE increased by 620 to 2017 PNC cm-3 (Table 1). Values of HV CORR-R2 were moderate to good but values of MSE-R2 were relatively poor (i.e. <20%) for some models (South, West-North) due to the substantial increase in bias as shown by the increases in RMSE. Although models including the West area had the highest values of HV RMSE the values are similar to those related to other models when normalized by the range of concentrations, as shown by values of HV NRMSE. We also assessed the performance of the All-areas model for each area: in the West area HV CORR-R2 was 53% and HV RMSE was 3990 particles/cm3; in the South area HV CORR-R2 was 37% and HV RMSE was 3321 particles/cm3; and in the North area HV CORR-R2 was 48% and HV RMSE was 1894 particles/cm3.    

For West-South, West-North and All-areas, when distance to the Heathrow airport was selected in the mixed-effects models for each single model, the random effects by “area” had very small impact on the intercept (deviations of intercept were smaller than 0.01). However, when Heathrow airport was excluded as a potential predictor, random effects by “area” had large impact on intercept. The random intercept changed about 5.6% (West-South), 25.9% (West-North), 25.8% (All-areas) comparing with the intercept. By contrast, the random intercept for South-North area changed about 4.8% compared with the intercept.      

Figure 4 shows scatterplots of predicted versus measured PNC with regression fit lines for the transfer of models to other areas. Model transfer without calibration resulted in poor performance compared to HV MSE-R2, with negative values of EV MSE-R2 ranging from 0 to -18 (Table 2). This means that the mean squared error is the same or slightly greater than the variance of the measurements. Figure 4 shows that substantial numbers of values of predicted PNC are not within the 95% confidence intervals related to linear regression fit lines. Nevertheless, the regression fit lines were subsequently used to transfer models with calibration.  This resulted in values of MSE-R2 in the range 21% to 41% (Table 2) and values of EV RMSE (Table 2) within the range of HV RMSE (Table 1).


4. Discussion 
We developed and evaluated models to predict UFP PNC for individual and combined areas of London and tested their transferability to other areas. To our knowledge, this is the first time that transferability of LUR models for UFP within a megacity has been evaluated. Overall the performance of models within areas for which they were developed was moderate to good. Models did not, however, perform well when transferred to other areas due to substantial increases in bias. Models transferred using calibration via linear regression resulted in moderate performance, but this relied on the measurements of PNC in the external areas.

4.1 Influence of measurements on model performance 
The results of this study and those in the scientific literature showed that LUR models for UFP tend to perform less well than for other pollutant metrics with similar sources (e.g. NO2). Typically values of R2 in UFP model evaluation mostly do not exceeded 50%, with the following exceptions (Sabaliauskas et al., 2015; Eeftens et al., 2016; Weichenthal, et al., 2016b; Wolf et al., 2017). One possible issue is the representativeness of the ‘pseudo’ annual average PNC (e.g. average of 3 temporally adjusted 30-minute measurements) as a means of developing and evaluating models. It may be the case that performance of models developed in this study may improve if predictions could be compared with measurements made for longer periods. Models developed in Basel in Switzerland and Amsterdam, Maastricht, and Utrecht in The Netherlands, for example, had poor-to-moderate performance in hold-out validation (R2 of 18% in Basel and 35% in The Netherlands), when compared to measurements constructed in the same way as in the present study, but performance improved in external validation (54% in Basel and 49% in The Netherlands) when used to predict for the average of measurements made over 24 hours at different sites within the same areas (van Nunen et al., 2017). We do not currently have access to a spatially distributed set of longer-term measurements to be able to undertake such an evaluation. 

In developing and evaluating models we used measurements of PNC from 40 sites for single areas, 80 sites for two-area models, and 120 sites for three-area models. The number of sites was not related to the performance of models in hold-out validation. Given that levels of PNC were generally higher and more variable in the West area, it is not surprising that models including the West area (West, West-South, West-North, All Areas) had the highest values of RMSE. Models built with 40 sites did not perform less well overall than those built with 80 sites in model transferability. Measurements in the West area were generally higher than in other areas. There is likely due to the influence of UFP related to activity at Heathrow airport, ~9 km away from the nearest measurement site in the West area and generally upwind, or along the eastbound flight path which passes close to the West area. We observed a weak but significant gradient in PNC at background sites from the west (nearest to the airport) to the east of the West area over a distance of ~8 km (Figure S4; Supporting Information). Rivas et al., (2020) also found that the North Kensington site (i.e. the same site as the West area reference site used in this study) was influenced by activity related to Heathrow Airport when they analysed UFP data from a seven-year period. In other studies measuring UFP downwind of major airports the influence of elevated PNC has been observed up to 16 km under and perpendicular to flight paths (Hudda et al., 2014; Keuken et al., 2015). As a result, we considered proximity to the airport as a model variable and random intercepts for ‘area’ in models combining areas using mixed-effects regression. The results of the mixed-effects models showed that distance to Heathrow airport explained a large proportion of differences between West and the other two areas. Introducing a random intercept for the South-North area indicated that the difference in background concentrations between areas within the city was smaller than 5% of the intercept.    

4.2 Variables included in the models 
Variables on nearby traffic, distance to Heathrow airport, area of green or open space, and number of restaurants (including cafes and fast food outlets) were common to most of the models developed. Distance to airport was included in previous UFP modelling studies (Weichenthal, et al., 2016b; van Nunen et al., 2017). The number of restaurants within similar buffer sizes were included in previous UFP LUR models (Abernethy et al., 2013; van Nunen et al., 2017). In Utrecht, The Netherlands, proximity to fast food and restaurants was associated with elevated outdoor UFP concentrations measured during journeys through the city centre with a portable UFP monitor (Vert, Meliefste and Hoek, 2016). However, the water surface area variable in our study was selected for the first time in a LUR UFP study as far as we are aware, representing sinks in PNC. A variable on nearby traffic (using 50 m or 100 m buffers or inverse distance to road) for various metrics (e.g. length of major roads, length of all roads, traffic intensity on major roads) was included in all 70 models developed across 7 different modelling domains. The most commonly included variable was traffic intensity on major roads within a 50 m circle. Variables on nearby traffic explained a high proportion of variability in UFP in other studies (Montagne et al., 2015; Kerckhoffs et al., 2017; van Nunen et al., 2017; Minet et al., 2018).  Nearby traffic was the only variable to be included in all 10 models developed in each of six European areas (van Nunen et al., 2017). Traffic within 100 m was included in the final mobile UFP LUR model in a study conducted in Toronto (Minet et al., 2018). Inverse distance to the nearest major road and traffic load within a 100 m buffer were selected in the UFP LUR models in Amsterdam and Rotterdam, The Netherlands (Montagne et al., 2015). The number of restaurants in either 50 m, 100 m, 300 m circular buffers, was included in in 61 out of 70 of our models. Infrequent variables included area of water, natural space, or gardens and generally added a small proportion to the total explained variability in PNC. 

4.3 Model performance and transferability
In directly transferring models to other areas, without calibration, our models performed poorly with substantial increases in bias compared to hold-out validation. As far as we are aware, there have been only two other studies that have transferred UFP models to other areas. Spatial UFP LUR models (Zalzal et al., 2019) based on measurements from mobile monitoring (i.e. on-vehicle monitoring of UFP along the street network) – 23 days in Montreal and 39 days in Toronto – were developed in Toronto (R2 = 49%) and Montreal (R2 = 41%). Models were transferred from Montreal to Toronto, and vice versa, with calibration against UFP measurements (i.e. variables were fixed but coefficients were allowed to change), yielding a reduction in R2 to 36% in Toronto and R2 to 38% in Montreal. Without calibration transferred models performed poorly, yielding R2 = 11% in Toronto and R2 = 18% in Montreal. With calibration and fixed variable coefficients our models had moderate performance (MSE-R2 from 21% - 41%). 

In our study, models combining both areas performed similarly to models for the individual areas, with and without an effect of area included in the models. In Boston, Patton et al. (Patton et al., 2015) developed spatial-temporal UFP models for four neighbourhoods based on mobile monitoring campaigns along the street network for 34-46 days per neighbourhood. Model development R2 for the neighbourhoods was 23%-42%, with almost identical values of R2 in leave-one-out cross validation, and R2 of 26% for a model combing all four neighbourhoods. Single area models were transferred to each of the other areas (n=12) with calibration yielding R2 in the range 19%-40%. Models transferred without calibration (n=12) performed poorly with R2 in the range <1% to 12%. 

Due to different study designs (mobile versus fixed-site monitoring; spatial versus spatial-temporal variables) we cannot provide further insight into the relative performance of the transferability of models between studies, and due to the limited number of studies it is too early to draw conclusions on whether transferring UFP models within or between cities is generally viable. Our aim was not to calibrate our models in transfer to other areas as we wanted to test the direct transferability of the models given the lack of routine measurements being made on UFP (currently only three sites in the United Kingdom, all in the south east). Results from our study and the small number of other published studies suggest, however, that there is a need to establish some measurement sites in an external area in order to be able to calibrate models when transferred. 

4.4 Strengths and limitations
Our study is the first dedicated study on UFP LUR transferability in a megacity. We applied the same sampling strategy in all areas, using the same equipment for the short-term measurements, and the same high-resolution geographical data for GIS predictors. Also, our selected sites were mainly in urban residential districts as the focus was on residential exposure assessment in an epidemiologic context. Due to limited number of monitors and labour force, the three monitoring campaigns were not conducted at the same time which may have affected, to an indeterminable degree, the transfer of models between areas. Our annual average PNC estimate for each site is based on only three 30-minute PNC measurements. Nonetheless, as mentioned above, LUR models developed by van Nunen et al. (2017) using the same measurement framework were shown to have good performance when used to predict with PNC measured over 24-hours at out-of-sample residential locations. We only used one reference sites per area for temporal adjustment and it may not be wholly representative of background concentration in space and time. We did not include information on flight paths (i.e. eastbound versus westbound) to gain better insight into the influence of aircraft on PNC in the West area.

4.5 Implications for epidemiological studies
Our models had moderate-to-good internal (within area) performance, but the results from model transfer suggest that performance would be reduced if applied elsewhere within London, despite taking the average prediction from 10 models within each area with a view to reducing uncertainty in exposures. We do, however, suggest for exposure studies using the average prediction of the 10 models and then applying the 10 models separately to allow assessment of the consistency of associations and reduce uncertainty in epidemiologic findings. We suggest applying the models within the confines of, or close to, the areas for which we developed models. We developed models for residential areas where the main source of variability in PNC was related to road traffic. Our study, and others cited above, suggest that UFP LUR models have limited ability to predict actual levels of PNC in external areas without model calibration, but correlation may be good enough to use the models for exposure ranking in epidemiologic analyses. Furthermore, our models may not reflect well UFP PNC variability in other geographical settings. We have not produced models that have been tested, for example, in residential areas near to ports, industrial areas, airports, or in the centre of London. This will be the focus of future work. A mobile monitoring campaign may have improved density of sites and allowed us to cover a larger geographical area but might be less suited to exposure assessment in residential areas as the focus would have been on measured PNC on roadways. 


Supporting Information
Information on sources of maps of the study area, data used in the study, further information on the development of variables and LUR models, and results and evaluation of the models is in the supporting information.
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[image: ]Figure 1. An overview of the three study areas in London along with the measurement locations.
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Figure 2. Distribution of UFP PNC (PNC/cm3) per study area.
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Figure 3. The frequency of variable inclusion in the 10 models developed for single areas, two-areas, and all-areas.

Table 1. UFP measurement summary and performance of LUR models for individual and combined areas. PNC (particles number count per cm3); Mean adj-R2 and Mean RMSE (root mean square error) are the average of values from 10 models; Hold-out Validation (HV) MSE-R2 (mean-squared-error R2), HV CORR R2 (correlation R2) HV RMSE, and HV NRMSE are from the pooling of 10% of sites held out from each of the 10 models developed on 90% of sites.

	Area(s)
	West
	South
	North
	West-South
	West-North
	South-North
	All Areas

	Number of sites
	40
	40
	40
	80
	80
	80
	120

	Measured PNC:
	
	
	
	
	
	
	

	Mean
	17232
	12133
	10882
	14683
	14057
	11507
	13416

	Min
	7917
	6570
	6415
	6570
	6415
	6415
	6415

	Max
	37229
	27356
	17855
	37229
	37229
	27356
	37229

	
	Ten model groups per area (90% of sites per group, 10% held-out)

	Mean adj-R2 (%)
	73
	57
	62
	59
	66
	50
	59

	Mean RMSE (PNC)
	2774
	2558
	1418
	3511
	3073
	2390
	3210

	
	Pooling of 10% of sites held out from each model

	HV CORR-R2 (%)
	53
	29
	41
	37
	31
	42
	44

	HV MSE-R2 (%)
	48
	19
	34
	32
	14
	42
	43

	HV RMSE (PNC)
	4212
	3740
	2038
	4682
	5090
	3126
	3910

	HV NRMSE %
	14
	18
	18
	15
	17
	15
	13




Table 2. Model Transferability within London.
	Model
	West
	South
	North
	West-South
	West-North
	South-North

	Transferred to
	South
	North
	West
	North
	West
	South
	North
	South
	West

	Number of sites
	40
	40
	40
	40
	40
	40
	40
	40
	40

	
	Calibration using linear regression

	EV MSE-R2 (%)
	22
	21
	30
	24
	31
	41
	25
	27
	35

	EV RMSE (PNC)
	3658
	2225
	4864
	2184
	4845
	3182
	2167
	3548
	4709

	EV NRMSE %
	18
	19
	17
	19
	17
	15
	19
	17
	16

	
	Without calibration

	EV CORR R2 (%)
	22
	21
	30
	24
	31
	41
	25
	27
	35

	EV MSE-R2 
	-3
	-18
	-1
	-1
	-2
	-1
	-3
	0
	-1

	EV RMSE (PNC)
	7997
	10805
	8382
	3073
	9667
	5798
	4852
	3555
	7738

	EV NRMSE %
	38
	94
	29
	27
	33
	28
	42
	17
	26


PNC (particles number count per cm3); RMSE (root mean square error). External Validation (EV) MSE-R2 (mean-squared-error R2), EV CORR R2 (correlation R2)  EV RMSE, and EV NRMSE are based on the average of 10 predictions per site from transferring 10 models  
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Figure 4. Scatter plots of predicted values against pseudo, long-term measurement values for model transfer. The predicted values were averaged values from transferring 10 models developed for individual and combined areas to an external area. The blue line is the linear regression fit line; the grey areas show the 95% confidence intervals. The regression fit lines were used to calibrate models for transfer to external areas (Table 2).
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