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Abstract

Existing regulatory pollutant monitoring networks rely on a small number of centrally
located measurement sites that are purposefully sited away from major emission sources. While
informative of general air quality trends regionally, these networks often do not fully capture the
local variability of air pollution exposure within a community. Recent technological
advancements have reduced the cost of sensors, allowing air quality monitoring campaigns with
high spatial resolution. The 100x100 black carbon (BC) monitoring network deployed 100 low-
cost BC sensors across the 15 km? West Oakland, CA community for 100 days in the summer of
2017, producing a nearly continuous site-specific time series of BC concentrations which we
aggregated to one-hour averages. Leveraging this dataset, we employed a hierarchical spatio-
temporal model to accurately predict local spatio-temporal concentration patterns throughout
West Oakland, at locations without monitors (average cross-validated hourly temporal R?=0.60).
Using our model, we identified spatially varying temporal pollution patterns associated with
small-scale geographic features and proximity to local sources. In a sub-sampling analysis, we

demonstrated that fine scale predictions of nearly comparable accuracy can be obtained with our
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modeling approach by using ~30% of the 100x100 BC network supplemented by a shorter-term
high-density campaign.

1 Introduction

Short-term and long-term exposure to particulate air pollution, including black carbon
(BC), is associated with adverse health effects!. Studies of short-term pollutant-health
associations still often rely on centrally located regulatory monitors to estimate pollutant
exposure for each study participant in the region?3. However, concentrations can vary widely
across a given area, such that a single measurement may not best describe population exposures
everywhere, leading to possible biases in the estimates of health effects or identification of those
most at risk. Our objective is to predict the spatially varying temporal patterns of BC
concentrations in West Oakland during the summer months of 2017, a time that corresponds with
intensive air pollutant monitoring in the area. Such predictions are of significant interest for use
in a wide variety of applications, including epidemiological studies, as they allow researchers to
calculate individual-specific short-term and long-term exposures based on finely resolved
location information. From the perspective of air quality management and emissions control,
more targeted management strategies such as regulatory agencies identifying times of day when
areas are most affected by pollution might be possible. Vulnerable residents may be advised of
times of day or week when they should be most cautious about spending time outdoors.

A number of approaches have been employed to predict intra-urban air pollution levels
based on ground-level monitoring data*’. Land-use regression (LUR) fits the exposure surface to
a linear model with a large number of geographic information system (GIS) covariates®, often
using a combination of scientific and statistical learning techniques to reduce dimension of the
covariate space’~!!. Kriging models use a spatial random effect to construct a smooth prediction
surface that predicts concentrations at unmonitored locations using an optimal weighted sum of
nearby observations!2. Researchers often combine LUR and kriging in a universal kriging (UK)
that optimally combines regression and smoothing to improve prediction accuracy’-'>!#. Recent
advances in mobile monitoring technology and implementation have made comprehensive data-
only spatial mapping an option in some areas, and in some cases LUR models have been trained
on mobile monitoring data'>-'3. Spatiotemporal air pollution models combine LUR or UK with

models for spatially varying temporal trends to accommodate temporally sparse data and to
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predict both spatial and temporal air pollution patterns in an urban environment. These models
have been successful, especially at temporal scales of 1-2 weeks, although data availability is a
limiting constraint!*2!.

Current reference-grade BC monitors cost ~$25,000, which places an economic
constraint on the number of monitors that can be deployed in a network. To address this barrier,
Caubel et al.?? developed a new, low-cost BC sensor with similar precision and accuracy as
existing commercial aethalometers based on the filter-based absorption photometry technology.
With these low-cost BC sensors, it was possible to monitor BC concentrations with much greater
spatial resolution by creating a dense sensor network across the community of West Oakland,
California, a neighborhood surrounded by major highways and close to regional seaport and rail
facilities. As part of the West Oakland Community Air Quality Study, the 100x100 Network
deployed BC sensors across 100 locations in this community for 100 days from May 19 to
August 26, 20177, This measurement campaign produced a rich dataset of highly resolved BC
concentrations in both space and time that we leverage in our modeling effort.

Maintaining a large network of sensors can be difficult in practice, operationally
intensive, and susceptible to equipment failure or loss. The 100x100 BC Network achieved an
84% success rate at capturing valid hourly BC concentration measurements>. By the end of the
100 days of deployment, over 30 samplers were no longer operating, which enabled us to assess
prediction accuracy of our spatio-temporal model subject to realistic maintenance and reliability
constraints. A notable strength of our spatio-temporal model is its ability to leverage spatio-
temporally sparse observations to improve predictions over the entire modeling period, as was
similarly observed with the ability of a spatial only universal kriging model to leverage mobile
monitoring data to predict spatial patterns BC concentrations across West Oakland'>.

In this paper, we use a spatio-temporal model to predict fine scale variation in BC
concentrations across West Oakland, CA during part of the 100x100 Network monitoring period.
We also subsample our dataset to evaluate how prediction accuracy is affected by monitor
dropout patterns and to evaluate the implications of using a less dense monitoring network,

possibly supplemented with a dense network over a shorter period.

2 Methods
2.1 Monitoring Data
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The measurement sites, data quality assurance methods, and temporal and spatial
variability of observed BC concentrations by different land use types in the 100x100 BC
Network have been reported previously?® and are summarized here. The 100x100 Network
deployed 100 monitors throughout West Oakland outside of homes, local businesses, community
organizations, and schools, and adjacent to the Port of Oakland. To verify sensor precision, nine
network sites had sensors collocated in pairs and all sensors were calibrated based on 2—7 days
operation collocated with a commercial BC instrument. Hourly average BC concentrations were
calculated by averaging validated 1-minute averages, after correction for a filter loading artifact
and errors in sample flow rate measurements. Due to the above-described equipment failure
issues, an increasing number of sites were left unmonitored over the course of the 100 days.
While 87% of potential hourly BC concentration measurements were successfully collected
during the first 74 days of monitoring from mid-May to July, only 66% of were recorded during
the last 26 days of monitoring in August. We primarily focused on analyzing data from June and
July due to concerns that pollutant patterns at the end of May might have been qualitatively
different from the summer seasonal patterns observed in June and July and due to data
completeness limitations in August. As described later in this section, we utilized the pattern of
data missingness (i.e., missing observations) in August to help assess how well our modeling

approach would perform in a scenario with significant monitor dropout.

2.2 Hierarchical Spatio-Temporal Model

We used a hierarchical spatio-temporal model to predict time varying concentrations of
BC at unmeasured locations in West Oakland!®2%2423, Since the data tend to have heavy right
tails and appear log-normally distributed, all modeling was done on the log-transformed scale to
improve model fit. Prediction accuracy evaluation statistics were calculated on the back-
transformed concentration scale. The spatio-temporal field is conceptualized as being comprised
of location-specific temporal trends, where the trend at each location is the sum of the area-wide
average (i.e., a time-series that is spatially constant across the domain) and a linear combination
of two temporal basis functions. We included two temporal basis functions, f; (t) and
f2(t), which were derived from the 100x100 Network data by first filling in missing values using

an expectation-maximization-like approach?® and applying cubic smoothing splines to the first
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two singular vectors. Preliminary exploratory analysis showed that including two temporal basis
functions balanced model fit with interpretability of the temporal trends.
The full hierarchical spatio-temporal model can be written as
log(Y(s, t)) =u(s,t) + v(s,t)

where log(Y(s, t)) is the log-concentration of black carbon at site s for time t and

u(s, ) = n(0) + Bo(s) + B1(s) f1(O) + B (s) £(D).
The location-specific coefficients for the temporal basis functions (including the intercept) are
Bi(s) fori = 0,1, 2, and n(t) represents the areca-wide average derived by averaging all
monitoring data at each time t. The spatial structure of each 3;(s) is modeled by universal
kriging, with regression on spatial covariates X; with coefficients ; in the mean model and
normally distributed residuals with exponential covariance structure (6;) that accounts for

spatial correlation, i.e., B;(s) ~ N(X;a;, 2(8g,)). The B;-fields are independent of each other, and

the exponential covariance function is parameterized by 8; = (p;, 6%, t) with correlation range
pi, partial sill 67, and nugget t7. Finally, v(s, t) represents temporally independent spatial
residual fields with exponential correlation structures that account for short-term events such as
meteorology affecting large subsets of the domain at any given time.

We calculated over 900 geographic information system (GIS) covariates to use in the
model including proximity measures (distance to nearest major road, intersection, truck route,
railway, railyard, coastline, airport, and port) and buffer measures (major road length, truck route
length, land-use category, long-term vegetation index, population density, and emission sources).
Following'®, GIS covariates with little to no variation or those that are highly skewed were
removed from the modeling process. Specifically, any variables with (a) missing values, (b)
>80% identical values, or (¢) >2% more than 5 standard deviations (SD) from the mean were
removed. Additionally, (d) any variables that describing land use at distances >5 km were
removed, since the area of interest is only ~15 km?. Because of the high dimensionality of the
geographic covariates, we used principal component analysis (PCA) on the GIS covariates and
selected the first two principal components to use as spatial covariates in our model.

This model is essentially the same model that was developed and applied in the MESA
Air study'® at the hourly rather than two-week timescale, with two significant changes that we
made based on preliminary analyses of this dataset. One is that we explicitly include the area-

wide average n(t) in our model since there is a very strong shared temporal pattern at the hourly
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time scale. The other change is that we use PCA for dimension reduction of GIS covariates

rather than partial least squares (PLS).

2.3 Model Estimation and Evaluation
Parameter estimation was performed using the SpatioTemporal package in R and
optimization by restricted maximum likelihood (REML)?*. Model accuracy was assessed by
leave-one-site-out cross-validation. Let Y (s, t) be the observed BC concentration at location s at
time ¢ and ¥ (s, t) the associated cross-validated predictions. At each location s, we calculated a
measure of cross-validated prediction accuracy as follows:
R%, = max(0,1 — MSE /Varg,s)

where

MSE = %;(Y(s, t)—P(s.t)°

T

1 1T 2
Varss = 7 (Y =5). ¥@s)

i=1
Like the squared Pearson correlation coefficient, a value of 1 denotes perfect correlation.
Additionally, the measure penalizes for bias and scaling errors whereas the Pearson

correlation coefficient does not.

We calculated these measures for two timescales, namely the hourly values over the
entire period of June and July and the consolidated calendar week hourly values averaged over
all weeks in June and July; i.e., for the latter, we collapsed the observed and predicted time series
at each location to single average values for each hour of each day of the week (see bottom-right
panel of Figure 1.

Due to the computational burden associated with solving the nonlinear REML
optimization problem?, we carried out this step only once on all of the data and used the
resulting covariance parameter estimates to compute leave-one-out cross-validated R? for each
site individually. There is minimal potential for overfitting because only the covariance
(smoothing) parameters were estimated outside of the cross-validation loop, while regression
coefficients were re-estimated for each cross-validation set. The estimated parameter values are

reported in Table S-1.
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2.4 Simulating Less Intensive Monitoring

Significant data collection dropout occurred during the month of August, so we used only
the June and July data for model fitting and evaluation. We conducted a sensitivity analysis to
assess the impact on prediction accuracy if we had elected to also include data from August and
make predictions during that time period. We started with the fully observed 100x100 dataset in
June and July and then created a missingness pattern in July that matched the observed
missingness pattern in August. Using this version of the dataset to represent a monitoring
campaign with dropouts, we fit the spatio-temporal model and estimated the observed pollutant
concentrations at each location using leave-one-out cross-validation. We compared cross-
validated prediction accuracy in July using the model with artificially created missingness
against the original model, which used all available observations to understand how realistic
long-term maintenance and logistical issues would affect prediction accuracy.

We also evaluated how the number of continuously operating monitors and their
placement impact predictive accuracy of the spatio-temporal model by systematically
subsampling our dataset to simulate estimates from a smaller network. We considered having 5,
10, 20, and 30 continuously operating monitors and sampled these monitors in three different
ways:

1. Simple random sampling (“Random”): Randomly sampled k monitors with equal
probability.

2. Stratified random sampling by GIS covariates (“GIS Covariates”): Clustered monitors at
locations with similar local characteristics by using principal components of their GIS
covariates in a k-means algorithm and then from each of the k clusters, randomly
selected a monitor with equal probability.

3. Stratified random sampling by location (“Space Filling”): Clustered monitors spatially by
first using a space-filling design to select k centers and then assigned monitors to clusters
by distance. Monitors are then randomly selected from each of the k clusters with equal

probability.

For each of these subsampling approaches, we considered one scenario where only the smaller

number of continuously functioning monitors is available (“Long-Term Monitors Only”) and
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another where these monitors were supplemented by a larger number of monitors in June only by
including all available data from the 100x100 campaign in June (“Long-Term Monitors +
Supplementation in June”). For each of these, we evaluated prediction accuracy of the spatio-

temporal model on July data at all 100x100 locations.

3 Results
3.1 Monitoring Data

The spatial and temporal patterns of BC in West Oakland are described extensively
elsewhere!323?7, Briefly, key spatial features that are apparent in the 100x100 and mobile
monitoring data include elevated levels near Interstate 880, along the major truck routes of the
Port of Oakland, and near industrial clusters, with lower areas within predominantly residential
zones. Temporal patterns vary across the domain and differ between weekdays and weekends.
Weekday patterns broadly are characterized by a peak concentration during the morning rush
hour, declining levels over the afternoon owing to increased atmospheric mixing, a less

prominent evening peak, and lower levels in the late night and very early morning.

3.2 Model Description

We first look at components of the spatio-temporal models individually to describe the
systematically varying spatial and temporal patterns. The area-wide average is shown in red, and
two temporal trend functions are shown in green and blue in Figure 1. The top panel shows every
hour throughout June and July. The bottom four panels show more interpretable versions
consolidated to four different time scales: average diurnal 24-hour weekday, average diurnal 24-
hour weekend day, average for each day of the week, and average for each hour during a typical
week. In each panel, the red line shows the absolute value of the area-wide average
concentration, and the green and blue lines show the relative differences compared to the area-
wide average, with values < 0 equal to lower than area-wide average concentrations and values >
0 equal to greater than area-wide average concentrations.

The area-wide average concentration rises throughout the morning until 9 AM on
weekdays, then slowly decreases throughout the day reaching its minimum value around 2 AM.
On the weekends, there is a different pattern, with low concentrations throughout the day that

slightly increase around 6 PM. On average, concentrations are lower on weekends and higher on
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weekdays, with some variation in diurnal patterns between days of the week. The first temporal
basis function describes a pattern where concentrations are higher than the area-wide average
from early morning until late in the afternoon on weekdays, with a peak around 9 AM.
Concentrations at locations with a positive coefficient for the first temporal basis function are
slightly below the area-wide average after 5 PM until midnight on weekdays, and well below the
area-wide average all day on weekends. The second temporal basis function also shows an
increase on weekdays but shifted later in the day, where concentrations are higher than the area-
wide average from 7 AM until 8 PM. The above area-wide average concentration increases
throughout the morning until about 1 PM, then slowly decreases over the afternoon. After 8 PM,
this temporal basis function shows concentrations as below the area-wide average until the
morning, with a minimum around 1 AM. On weekends, concentrations are higher than the area-
wide average from 1 PM to 2 AM and are lower than the area-wide average during the other
hours of the day.

Empirical estimates of the -fields at locations with monitors are shown in Figure 2
along with their predicted values across West Oakland, and supplementary Figure S-1 shows
cross-validated predictions of the empirical values of the f-fields. Locations in the southern part
of West Oakland, especially the southeast corner downwind of major freeways and port
activities, are associated with higher coefficient estimates for the f-field. This suggests that
these areas have higher concentrations in general compared to the area-wide average. The [55-
field models the temporal average of log-transformed BC concentrations, so the difference in
predicted values between the highest and lowest areas of the map in Figure 2 corresponds to a
seven-fold difference in absolute concentrations.

Areas where the [5;-field are highest correspond to sites characterized as port and truck
routes in Caubel et al. (2019)%3, and locations with lower coefficients align with locations
described as being residential or upwind in Caubel et al. (2019). This is consistent with the fact
that the first temporal basis function indicates concentrations higher than the area average during
early morning hours, especially on weekdays when the port area is most active. The f,-field is
generally higher at industrial and residential sites in the northeast corner of West Oakland and
lower in residential sites in the southwest corner of West Oakland. It is also high around the
northern section of I-880 that feeds into I-80. The second temporal basis function is associated

with higher than average concentrations starting in late-morning on weekdays and a modestly
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decreasing trend later in the week, potentially influenced by industrial sources during weekday

business hours.

3.3 Prediction Accuracy

To demonstrate how the spatio-temporal model can improve fine-scale variation
estimates across the region using temporal basis functions, we first compare the cross-validated
predicted trends and the area-wide average to the actual observed trends for two example sites.
Figure 3 shows the case study locations for this analysis, residential monitor 35 (R35) and truck
route monitor 75 (TR75). While these monitors are located just three blocks apart and near the
same arterial road, the average concentrations and temporal patterns at these two sites are
different; monitored concentrations at TR75 are up to 0.5 ug m~3 higher than the area-wide
average, whereas monitored concentrations at R35 are similar to the area-wide average but with
a lower weekday morning peak. Predicting concentrations by the area-wide average at these
locations results in poor prediction accuracy, as measured by temporal R%, on the consolidated
hour of week time scale (0.00 and 0.19 for R35 and TR75, respectively). Predictions from the
spatio-temporal model at these two locations are much more accurate, with temporal RZ, values
on the consolidated hour of week time scale of 0.89 and 0.70 for R35 and TR75, respectively.

Overall, prediction accuracy for the spatio-temporal model varies across sites and
depending on the temporal scale (Figure 4). Overall, the prediction accuracy is fair to good for
locations near the port, with many of the most accurately predicted sites located in the northwest
section of West Oakland. The mean temporal RZ; is 0.60 for all hourly measurements over June
and July and 0.58 for the consolidated hour of week time scale. These compare favorably to the
corresponding values of 0.40 and 0.47 for the hourly and consolidated hour of week metrics,
respectively, from using just the area-wide average to predict concentrations at all sites rather
than predictions from the spatio-temporal model. Using a single well-sited monitoring location
to represent the entire area would perform similarly to the area-wide average. On a site-by-site
basis, using the spatio-temporal model yields a noticeable overall improvement in prediction
accuracy at 72% of the observed sites over the area-wide average, showing the spatio-temporal

model can capture fine scale gradients that would not be captured by the area-wide average.

3.4 Model Performance with Monitor Dropouts

10
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To evaluate the effect of monitor dropouts like those experienced in August, a 30%
dropout rate was simulated for the month of July. Predictions from this “masked” July dataset
were compared to the full model run with all available June and July data. Using the full dataset
shows a small, but noticeable improvement (Figure S-2, Figure S-3). The magnitude of this
improvement is small and suggests that the effect of monitor dropouts, as observed in August, do
not significantly impact prediction accuracy when using the spatio-temporal model. Based on
these results, we expect that if the spatiotemporal model were fit using the entire 100x100
dataset (June—August), predictions for the August period would not be substantially less accurate

than those for June and July, despite the higher missingness in monitoring data in August.

3.5 Systematic Subsampling Results

Results from the subsampling studies are shown in Figure 5, comparing mean temporal
R, for the consolidated hour of week time scale in July. It does not appear that the method used
to subsample monitor locations significantly impacts performance of the model. For a small
number of continuously operating monitors such as 5 or 10, the spatio-temporal model
predictions are less accurate than predicting based only on only the area-wide average, while
with 20 or more continuously operating monitors the spatio-temporal model predictions
consistently improve on the area-wide average. Adding more intensive short-term monitoring in
June only (i.e., including all 100x100 monitors during that period) leads to an improvement
regardless of the number of continuously operating monitors. This indicates that the model
leverages data from the more intensive monitoring campaign in June to accurately predict
concentrations in July when there were fewer monitors. Overall, our subsampling study suggests
that 30 continuous monitors supplemented by a short-term, high-density monitoring campaign
would allow us to construct a spatio-temporal model with prediction accuracy approaching that
obtained with the full dataset. Performance is similar when the 30 monitors are selected at
random compared to selecting them to representatively span the GIS covariate distribution or

spatial distribution of the full dataset.
4 Discussion

By using a flexible, hierarchical spatio-temporal model with monitoring data from the

100x100 BC network, we were able to capture fine-scale differences in BC concentrations across

11
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West Oakland. Our model predictions are significantly more accurate than what could be
obtained by treating the pollution surface as spatially uniform and predicting the time series at
each location based on data from a single well-placed regulatory monitor that might be found in
a typical urban area, (mean temporal R%s 0.60 and 0.40, respectively). We are aware of one other
paper that attempted to model urban BC concentrations on an hourly timescale?!, with mixed
success. A direct comparison is not possible because we report spatially varying temporal
prediction accuracy, while Dons et al. (2013)?! report spatial prediction accuracy for one hour
averages. While comparisons with spatiotemporal predictions of other pollutants would also be
informative, we are not aware of papers that have reported spatially varying temporal prediction
accuracy as in our study. In addition to prediction accuracy, an important strength of the spatio-
temporal model is its ability to help identify interpretable spatial patterns in temporal variation.
For example, locations with larger positive values of the B, coefficient for the first temporal
trend have relatively high weekday morning concentrations and tend to include sites identified in
Caubel et al. (2019)? as associated with port activity. Similarly, locations with larger positive
values of the 3, coefficient for the second temporal trend have relatively high concentrations in
the mid-morning through afternoon hours on weekdays and afternoon hours on weekend. These
areas include industrial and residential sites in the northeast corner of West Oakland. While our
model is specific to West Oakland and the 100X 100 campaign, we expect that a similar approach
would successful in other locales with similar intensive monitoring data.

Recognizing that the 100X100 campaign was a unique opportunity to conduct intensive
spatiotemporal monitoring in an urban region, it is important to understand whether similar
modeling results can be obtained with less intensive monitoring. The subsampling simulation
demonstrates that it is possible to leverage spatially dense observations from a short-term
monitoring campaign to make accurate predictions at a time with more limited spatially sparse
monitoring. In practice, this suggests that it is feasible to use a short-term monitoring campaign
to improve long term predictions in areas that are not near continuously operated monitors. For
example, one could design a future monitoring campaign that includes 30 fixed sites over an
entire 12 month time period and either another 70 monitors that are only deployed for a few
shorter 1 month periods or another 1020 monitors that are rotated through additional locations

for 1 month at a time. Either design would be less operationally expensive than continuous

12
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deployment of 100 monitors for the full period and our results suggest they could result in
similar model prediction accuracy across the full region.

Additional gains in prediction accuracy might be possible if a future campaign takes
advantage of optimal monitor location-allocation strategies®®, potentially modified to
accommodate temporally varying network size. A recently developed algorithm for real-time
spatiotemporal monitor allocation?” may be helpful, although with such an approach it will be
important to consider the impact of preferential spatial sampling on inference3%!, If the air
pollution surface is to be used as the exposure in an epidemiological analysis, then consideration
should also be given to compatibility between monitor and main study locations2. Another
promising strategy is mobile monitoring, which can cover a much larger number of locations
than fixed monitoring over an extended period of time, albeit with temporally sparse coverage!'®.
Data from mobile monitoring campaigns has been used successfully to fit spatial air pollution
models'>!733, It may be possible to incorporate mobile monitoring data in a spatiotemporal
model like the one described here, especially if it can be calibrated and included in a model with

continuous fixed site monitoring at a modest number of locations?’.

4 Conclusion

We have utilized a geostatistical spatiotemporal model applied to data from to 100X 100
campaign to predict hourly BC concentrations at all locations in West Oakland during the
summer of 2017. These predictions provide insights into the complex spatially varying temporal
air pollution trends and how they relate to local sources and neighborhood factors. Our
subsampling analysis demonstrates that this modeling strategy can be employed to get similar
prediction accuracy even with a less intense monitoring campaign in which some monitors are in
service for only part of the modeled period. Future research is needed to determine optimal
monitor placement strategies that will make it feasible to develop similar high resolution

spatiotemporal air pollution predictions in other locations and over longer time periods.
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Hourly Measurements over June and July
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Figure 1: Systematic time trends from the spatio-temporal model: The area-wide average and both temporal basis

functions, fi(t) and f,(t), shown on different time scales, (top) hourly scale over the full monitoring period, (middle left)
average diurnal trend over weekdays, (middle right) average diurnal trend over weekends, (bottom left) average calendar week
summarized by daily averages, and (bottom right) average calendar week summarized by hourly averages. In each panel, the red
line shows the absolute value of the area-wide average concentration, and the blue and green lines show the relative differences
compared to the area-wide average that are multiplied by the site-specific values of Betal and Beta2, respectively.
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Figure 2 B-fields from the spatio-temporal model, where points indicate estimated values at observed locations. Beta 0
corresponds to the difference in BC concentration from the area-wide average at each location. Beta 1 and Beta 2 are
coefficients for the respective temporal basis function shown in Figure 1. Note that the relative contribution of the area-wide
average and the two temporal basis functions to the overall time series at each location differs across the domain. Coefficients
near zero reflect locations where a specific temporal pattern has relatively little influence on the concentration time-series,
where coefficients with higher absolute value reflect locales where the relative contribution of a temporal pattern is higher.
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538 Figure 3: BC concentrations at example community sites Residential 35 (R35) and Truck Route 75 (TR75). Left: Locations of
539 Residential 35 and Truck Route 75, Right: Points show observed averages for each hour over a calendar week, while lines show
540 estimates using the spatio-temporal model against the area-wide average.
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545 Figure 4: Prediction accuracy for each site from the 100x100 Network using the spatio-temporal model and the area-wide

546  average. Reported R%is for a typical week. Left: R2, for each site from the 100x100 Network. Right: R%, compared at each site
547 using the spatio-temporal model and the area-wide average.
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552 Figure 5: Cross-validated prediction accuracy on July data for each sub-sampled set of monitors. Area-wide average (orange)
553 show prediction accuracy if no modeling was done and the surface was assumed to be constant across West Oakland. Long term
554 monitors (Green) shows prediction accuracy from the spatio-temporal model without the supplementary monitoring in June.
555 Long term monitors + supplement in June (Blue) shows prediction accuracy if short-term sampling is done at a large number of

556 sites in June. The dotted line represents the best possible spatio-temporal model, where all data (including July) is used.
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