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Abstract: From September 2020 onwards, COVID-19 cases have rapidly increased across Canada. This study estimates the
effects of Google population mobility indicators on daily COVID-19 cases to evaluate the impacts of public movements across
different regions in Ontario. We focus on Ontario as Google mobility data are available for Public Health Units (PHUs) for that
province. Results based on pooled data from May 1%t - November 15" imply that higher mobility at retail stores is significantly
correlated with an increase in daily COVID-19 cases. However, empirical estimates from individual PHU level time-series models
reveal regional differences, as these findings are based primarily on the relationship between retail mobility and daily cases for the
Public Health Units (PHUs) of Toronto and Peel. These results support the implementation of region-specific lockdowns. Further,
different specifications generate daily COVID-19 forecasts for Peel and Toronto that are on average, approximately 6%-9% different
from actual values. The models of this research should be of value to local health authorities who are in search of simple models
that are not computationally intensive and are capable of generating reliable forecasts for specific regions.
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INTRODUCTION

Ontario has experienced a sharp rising trend in daily COVID-19 cases
from September 2020 onwards, far beyond levels seen during the ear-
ly days of the pandemic.' This is the case for other provinces as well.
In response, provincial governments re-imposed policies intended to
restrict movement in public spaces and have enacted different levels
of lockdowns. These measures are based on the belief that restricting
social mobility will lead to enhanced physical distancing and there-
fore, fewer infections. Hence, evaluating the effects of public mobility
on daily COVID-19 cases is of first order policy importance.

This paper employs Google population mobility indicators to capture
regional changes in public movements and assess their statistical
significance in explaining trends in daily cases across the largest 12
Public Health Units (PHUs) in Ontario (constituting roughly 85% of
the population). Evaluating regional differences in the relationship
between community mobility and daily cases assumes prominence,
given that Ontario has implemented different levels of lockdown
measures across regions - through a ‘colour-designation’ strate-
gy - conditional on the severity of cases and stress on local public
health resources.? This research contributes to the literature by using
an econometric framework to identify which regions have been the
most adversely impacted by increased population mobility through
higher COVID-19 cases. Our endeavour has been facilitated by Goo-
gle's release of daily social mobility data through its COVID-19 ‘Com-
munity Mobility Reports! As detailed on its website, Google creates
these aggregated and anonymized sets of data from users who have
turned on the Location History setting of Google accounts on their
phones and have agreed to share this information. Using these data
have the potential to shed light on the precise impacts of mobility on
the spread of infections across different regions. Further, given that
Google indicators are specific to mobility at different destinations
such as retail stores and groceries, the results of this study may give
some insight on the type of mobility that is most correlated with in-
creases in daily cases. This is important, as almost one year into the
pandemic, there is limited knowledge on what type of population
movements are conducive to the spread of infections.

The motivation for focusing on regions in Ontario goes beyond the
fact that the province has the highest number of cases in Canada.
First, Ontario is also the only province which releases data on daily
cases by test date. Having data by test date is critical to ensure a bet-
ter matching between social mobility indicators and daily cases, as
relying on case count by test release date would lead to confounded
estimates if there is a significant time lag between tests and the re-
lease of results. Second, Google has released social mobility indica-
tors for health regions in Ontario, but not for most other Canadian
provinces. Hence, an attempt to identify the regional effects of po-
pulation mobility on daily COVID-19 cases in Canada with Google
indicators, is best accomplished with Ontario data.

There are quite a few studies that have attempted to forecast long-
term case trajectories in Canada and across the world. In contrast to
models of long-term forecasts, there is much less work on short-term

1 Please see Flanagan (2020) for further details.

predictions.* Further, | am only aware of one other paper that inves-
tigates the effects of population mobility on COVID-19 cases in Ca-
nada. Specifically, Karaivanov et al. (2020) pool data across Ontario
health regions and Canadian provinces to evaluate the effects of mask
mandates and other non-pharmaceutical interventions (NPI) on CO-
VID-19 case growth. While the paper relies on Google mobility data to
account for behavioural decisions in mobility, it does not use the data
to forecast daily COVID-19 cases. Some recent U.S. based studies
investigate the effects of public policies on social mobility.> One pa-
per that does estimate the relationship between population mobility
and daily cases is Glaeser at al. (2020), who employ Safegraph data
for some U.S. cities, but do not offer short-term predictions.® This re-
search estimates the effects of population mobility indicators on daily
cases across Ontario PHUs, and also assesses whether such models
can be employed to produce accurate predictions.

DATA

Daily COVID-19 Cases

In Canada, Public Health Units (PHUs) are administrative areas
consisting of cities and adjoining suburbs that are charged with
overseeing and managing public health according to policies and
directives issued by provincial ministries of health. Being the largest
province in terms of population, Ontario has the most health regions
(36). This paper employs data for the following twelve public health
units (with population in parentheses): Durham (645,862); Hamilton
(1,399,073); Halton (548,430); Middlesex-London (455,526); Ottawa
(1,306,249); Niagara (447,888); Peel (1,381,744); Simcoe-Muskoka
(540,249); Waterloo (535,154); Windsor (398,953); Toronto (2,731,571);
and York (1709,909). Together, these health units account for more
than 85% of the province's population.” Toronto, Ottawa, Peel, Du-
rham, and York also happen to be among Canada'’s top ten Census
Divisions. Other PHUs are much smaller in population and did not
experience a significant number of COVID-19 cases.

Figure 1 captures daily COVID-19 trends over the sample period
(May 1%t - December 15%") for the PHUs with the largest populations
(Hamilton, Toronto, Peel, York, Ottawa and Durham) while Figure 2
contains trends in other smaller PHUs (Halton, Waterloo, Middle-
sex-London, Niagara, Simcoe, and Windsor).? Toronto and Peel have
consistently had the highest daily cases, with a sharp increasing
trend from around September 17*. York and Durham are next in or-
der of the magnitude of daily cases. Relative to its population size, re-
cent daily cases in Ottawa have been remarkably limited, with daily
cases during the first two weeks of December ranging from 35 to 52.
With respect to smaller PHUs, Windsor had a one-day spike on June
24" because of an outbreak among agricultural workers.® Aside from
this spike, corresponding trends in other PHUs in Figure 2 were rela-
tively stable till October, but then began to increase rapidly through
November. Halton, Windsor, and Waterloo are the regions with the
highest number of recent cases.

2 Ontario currently uses the following colour codes in designating COVID-19 lockdown measures for PHUs: Green (Prevent) ; Yellow (Protect); Orange (Restrict); Red (Control); and Gray (Lockdown).
Refer to 'COVID-19 response framework: keeping Ontario safe and open’ available at https://www.ontario.ca/page/covid-19-response-framework-keeping-ontario-safe-and-open (last accessed

May 9t 2021) for further information.
3 Ogden et al. (2020) and Tuite et al. (2020) are examples of Canadian research.

4 Altieri et al. (2020) use U.S. county level data to construct different types of linear and exponential predictors that are able to forecasts of COVID-19 deaths. Liu et al. (2020) use Bayesian methods
to estimate a reduced form panel data model to generate cross-country forecasts of COVID-19 infections.

5 For example, see Barrios et al. (2020) and Goolsbee and Syverson (2020). With respect to Canada, Chan (2020a, 2020b) and Armstrong Il et al. (2020) employ mobility data but do not predict

trends in daily COVID-19 cases.

6 Alternatively, Mavragani & Gkillas (2020) use Google Trends data to predict U.S. COVID-19 cases.

7 Population data are downloadable from https://www12.statcan.gc.ca/census-recensement/2016/dp-pd/prof/index.cfm?Lang=E.

8 Data available from https://www.publichealthontario.ca/en/data-and-analysis/infectious-disease/covid-19-data-surveillance/covid-19-data-tool.

9 Please see https://www.ctvnews.ca/health/coronavirus/advocates-demand-ontario-shut-down-farms-as-covid-19-cases-soar-among-workers-15004897 for further details (last accessed January 20% 2021).
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Figure 1. Daily COVID-19 Cases Larger PHUs
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Figure 2. Daily COVID-19 Cases Smaller PHUs
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Figure 3. Google Retail Mobility at Larger PHUs
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Figure 4. Google Retail Mobility at Smaller PHUs

50
30
10
” 44 1 : r
-10 (] ol . R ol
< (o'g‘" (@" "f‘.*l' ce S % we; Oy Jor @ o
; oS SN 5 0% ne A «® ZORGCALOT T SO
T : S ol' & o lle Tess®

-30 qe ONe

-50

-70

-90
5-1-2020 6-1-2020 7-1-2020 8-1-2020 9-1-2020 10-1-2020 11-1-2020 12-1-2020

=@ Halton  ===@===|ondon  e==—=@= Niagara = «® <= Waterlo0 ==@==Simcoe  e==O=== \Windsor

Notes: Google mobility data were downloaded from https://www.google.com/covid19/mobility/

Reproduced with permission of the copyright holder. Further reproduction prohibited,




Figure 5. Google Grocery Mobility for Larger PHUs
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Figure 6. Google Grocery Mobility at Smaller PHUs
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Table 1. Summary Statistics May 1t - Nov 15" 2020 (2,388 observations)

Name Mean St. Dev Variance Min Max
Cases by Episode Date 31.026 63.416 4021.6 0.0000 563.00
Seven Day Lagged Grocery Mobility -3.5992 11.452 131.16 -73.000 48.000
Seven Day Lagged Retail Mobility -24.487 14.398 207.30 -77.000 33.000
Business Closures/Openings Index 0.38655 0.28073 0.0788 0.18750 0.99375
Masks Dummy 0.6298 0.48296 0.2333 0.0000 1.0000
Weekend 0.31658 0.46524 0.21645 0.0000 1.0000

Google Population Mobility Indicators

Google has released population mobility indicators that capture total
visits to destinations commonly frequented by individuals (https://
www.google.com/covid19/mobility/). All these indicators are in the
form of indices with values calculated relative to the baseline, which
is the median for the corresponding day of the week, during the
5-week period Jan 3-Feb 6, 2020. These indices are daily values that
are aggregated across individuals who have enabled their location
history to be accessed by Google. Mobility indicators are employed
for visits to retail and recreation venues (restaurants, cafes, shopping
centers, theme parks, museums, libraries, and movie theaters) and
grocery and pharmacy stores (grocery markets, food warehouses,
farmers markets, specialty food shops, drug stores, and pharmacies).
Google also has indicators for visits to: (1) residences; (2) workplaces;
(3) parks; and (4) transit hubs. We could not use data on parks and
transit hub mobility due to missing values for multiple regions. With
respect to residences and workplaces, coefficient estimates of these
variables with respect to daily COVID-19 cases were not statistically
significant in LASSO regressions, and hence not employed in the
econometric analysis of this study.

Figure 3 (4) displays trends in Google retail mobility for the larger
(smaller) PHUs in the sample. In general, retail mobility began to rise
steeply until around early July, with more gradual increases up to
early September. For the remainder of the sample period including
October, retail mobility began to drop. Among large PHUs, retail mo-
bility is lower in the high cases regions of Toronto and Peel. Similarly,
high cases PHUs in smaller areas such as Halton and Waterloo have
lower amounts of retail mobility than other comparable regions. Fi-
gures 5 and 6 captures movements in grocery mobility. In contrast
to retail mobility, grocery mobility remained relatively stable over the
sample period, with steep drops during long weekends and holidays.
As is the case with retail mobility, grocery mobility is lower in Peel
and Toronto in comparison to other large PHUs, and in fact started
dropping during November. Similarly, high case small PHUs such as
Halton and Waterloo also had lower grocery mobility than other com-
parable PHUs.

ECONOMETRIC MODEL

To further investigate the relationship between the number of Covid
cases and the mobility data, the following empirical model is adopted;

DailyCovidCases; = a + XkykDailyCovidCasest k )
+ XkekRetailx + ZkokGroceryek + Wi + et

The daily number of new confirmed cases on day ‘t' (DailyCovid-
Casest) based on date of specimen collection is modeled as a
function: of lagged values of itself (DailyCovidCaseswk); lagged
values of retail and recreation mobility (Retaili-k); grocery mobility

10 Glaeser at al. (2020) use a 14 day mobility lag.

(Grocerytk); and a dummy variable representing weekends and
holidays (Wy). Yk, Ok and vk are the coefficients of these covariates,
and ¢&; is the error term, which is assumed to be identically and
independently distributed. Table 1 contains summary statistics of
all variables.

Equation (1) is first estimated globally with observations from all
PHUs pooled together and then separately for each PHU in order
to understand differences in the effects of social mobility on daily
cases across jurisdictions. Given the time-series nature of the data
and the likelihood of serially correlated errors, equation (1) is esti-
mated using a Cochrane-Orcutt estimator. In all cases, the null hypo-
thesis of no first order serial correlation could not be rejected on the
basis of Durbin Watson tests. The model is trained using data from
May 1%t = November 15t 2020 and the robustness of specifications
is evaluated through predictions based on data from November 16™
- December 15™ 2020.

A key challenge is to understand the appropriate lag structure for the
lagged dependent variable and each social mobility indicator. Accor-
ding to WHO guidelines, the time from exposure to COVID-19 to the
emergence of symptoms can begin, on average, 5-6 days, but range
from 1-14 days (https://www.who.int/news-room/q-a-detail/coro-
navirus-disease-covid-19.)."° A data-driven strategy based on these
guidelines and statistical significance, was used to choose which
Google social mobility indicators to employ, along with correspon-
ding lag structure. First, the statistical significance of six to twelve
day lagged values of all social mobility indicators and one to four
day lags in the dependent variable, were investigated in separate
regressions for each PHU. Coefficient estimates of six day and ten
to twelve day lagged values in social mobility indicators and three
to four lags in daily cases, were consistently insignificant and hence
dropped. Second, model fit was further investigated by employing
LASSO regressions that included month dummies as well, to arrive
at parsimonious specifications and avoid overfitting. One and two
day lags of dependent variables remain statistically significant as
well as seven day lags of retail and grocery mobility. In this respect,
an obvious omitted right hand side variable is the number of daily
tests. Unfortunately, testing data are unavailable at the PHU level.
However, as a sensitivity test, a similar regression was conducted
at the province level. Daily testing numbers were statistically insi-
gnificant on the inclusion of one and two day lags of daily COVID-19
cases as independent variables.

RESULTS

Baseline Estimates

Table 2 contains WLS estimates of the relationship between daily
COVID-19 cases and Google mobility indicators obtained by poo-
ling data across PHUs and over time, which yields on-average es-
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Table 2. Weighted Least Squares (WLS) Estimates of the Effects of Non-Pharmaceutical Interventions (NPIs)

and Google Mobility on Daily COVID-19 Cases

One Day Lagged Cases

Two Day Lagged Cases

Business Closures/Openings Index
Mask Mandate

Seven Day Lagged Retail Mobility
Seven Day Lagged Grocery Mobility
City Fixed Effects
Weekend/Holiday Fixed Effect
Quarterly Fixed Effects

Adjusted R Square

Observations

-190.98 (13.53)2
44.164 (6.715)2
-7.089 (0.287)¢
3.22 (0.204)

0.655 (0.019)
0.348 (0.019)
-3.306 (2.956)
0.129 (1.421)
0.136 (0.068)°
-0.224 (0.064)

0.646 (0.0195)2
0.341 (0.02)2
-0.017 (3.683)
-1.998 (1.728)
0.194 (0.091)°
-0.247 (0.072)¢

No No Yes
Yes Yes Yes
No No Yes
0.2920 0.9689 0.9690
2,388 2,388 2,388

Notes: The regressions in this table are based on data pooled across 12 Public Health Units (PHUs) in Ontario from May 1st- November 15t 2020. They are: Hamilton, Durham, Ottawa, Peel, Toronto, York, Halton,
Middlesex-London, Niagara, Simcoe-Muskoka, Windsor, and Waterloo. Standard errors are in parentheses below coefficient estimates and are robust and Newey-West corrected for autocorrelation. a, b, and ¢ denote

statistical significance at the 1%, 5%, and 10% levels.

timates of the effects of retail and grocery mobility that are condi-
tioned on the use of PHU specific fixed effects.” Besides providing a
baseling, this exercise allows an assessment of whether time-series
regressions run individually for each PHU and based on equation
(1), might result in confounded estimates due to unobserved hete-
rogeneity. Running regressions based on pooled data also allows
an assessment of the impacts of non-pharmaceutical interventions
(NPIs) such as mandatory mask use in indoor spaces, and business
closures and restrictions on social gatherings. There is time-series
variation across PHUs in the implementation of these initiatives,
which enables an evaluation of their efficacy. Mandatory mask usage
is measured through a dummy variable while business closures are
captured through an index variable bounded by 0 and 1, with values
close to 1 denoting widespread closure of non-essential businesses
and restrictions on social gatherings.” Weighted Least Squares
(WLS) regressions are run with observations weighted by PHU spe-
cific population to control for the obvious effects of larger population
on the incidence of daily cases. Further, controlling for the imple-
mentation of compulsory indoor mask usage and restrictions on bu-
siness operations and social gatherings, serves as a potential check
for endogeneity bias in coefficient estimates of population mobility,
as NPls are a response to rising daily cases.”

Column (1) focuses on the effects of NPIs and Google mobility in-
dicators, column (2) evaluates the impacts of including lagged de-
pendent variables, and column (3) includes city and quarterly spe-
cific dummies. In column (1), indoor mask usage is positively and
significantly correlated (at the 1% level) with daily cases, while the
business and gatherings restrictions index is negative and statistical-
ly significant (at the 1% level). Further, coefficient estimates of retail
and grocery mobility are also statistically significant at the 1% level.
However, both indoor mask usage and business/gatherings beco-
mes insignificant in remaining columns with the addition of other
covariates. In columns (2) and (3), lagged cases are positive and sta-
tistically significant at the 1% level. Estimates in column (3) imply that
a 10-percentage point increase in retail social mobility is associated

with a roughly 1.9 case rise on a per day basis, while a 10-percentage
point increase in grocery mobility is correlated with roughly a 2.5
case decline on a daily basis.

Individual Time Series Regressions

The results of individual time-series regressions done with daily data
for each PHU from May 1% - November 15" 2020 are contained in
Table 3. The dependent variable in Table 3 is the number of daily
cases by date of specimen collection. Panel A contains results from
specifications for large PHUs, while corresponding results from
smaller PHUs are detailed in Panel B. The first observation from Pa-
nel A is that our relatively simple specification fits the data quite well,
with adjusted R squares ranging from 0.8 to 0.98. Second, coefficient
estimates of the effects of lagged cases are consistent with findings
in Table 2, as an increase in one and two day lagged cases is signi-
ficantly correlated with higher current cases, at the 1% - 10% levels.
Third, coefficient estimates of retail mobility are positive and statisti-
cally significant at the 5% levels of significance for Peel, Toronto, and
York, and at the 10% level for Ottawa. A 10 percentage point rise in
retail mobility is associated with roughly a 2, 3, 4, and 8 case per day
increase in Ottawa, York, Peel, and Toronto, respectively. Fourth, an
increase in grocery mobility is significantly correlated at either the
1% or 5% levels with lower daily cases for most of these cities.

Except for Middlesex-London and Windsor, results from Panel B re-
veal high model fits for most smaller PHUs with adjusted R squares
from 0.84 - 0.92. One day lagged cases are statistically significant
at the 1% level for all PHUs. Coefficient estimates of two day lags
are not significant for all PHUs and are generally smaller in magni-
tude relative to estimates in Panel A. Population mobility variables
are significant at varying levels for Middlesex-London, Simcoe-Mus-
koka, and Waterloo. A 10 percentage point rise in retail mobility is
associated with approximately an one case per day increase in these
PHUs. Coefficient estimates of grocery mobility are negative and
statistically significant for Middlesex-London and Waterloo.

11 Standard errors of these coefficient estimates are robust and Newey-West corrected for first order autocorrelation. These regressions also include quarterly dummies to account for unobserved

seasonal effects.

12 Specific implementation dates of indoor mandatory mask usage were taken from Karaivanov et al. (2020), which is also the source for the business closures index. For the PHUs in this study, dates
of mandatory mask usage are: Durham (July 10, 2020); Halton (July 22, 2020); Hamilton (July 20, 2020); Middlesex-London (July 18, 2020); Niagara (July 31, 2020); Ottawa (July 07, 2020); Peel (July
10, 2020); Region of Waterloo (July 13, 2020); Simcoe Muskoka (July 13, 2020); Toronto (July 07, 2020); Windsor-Essex (June 26, 2020); and York Region (July 17, 2020). The index variable captures
regulations and restrictions on non-essential businesses and retail, personal businesses, restaurants, bars and nightclubs, places of worship, events, gyms and recreation, and limits on gatherings.

13 | am grateful to an anonymous referee for recommending the use of NPIs as a sensitivity check.
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Large PHUs Hamilton Durham
One Day Lagged Cases 0.670 (0.121)e 0.58 (0.107)=
Two Day Lagged Cases 0.282 (0.116) 0.397 (0.104)2

Seven Day Lagged Retail Mobility 0.041 (0.052) 0.065 (0.043)
Seven Day Lagged Grocery Mobility -0.0498 (0.061) -0.064 (0.061)

Weekend Fixed Effect Yes Yes

Adjusted R Square 0.8040 0.8423
Root Mean Square Error (RMSE) 20.97 2463
Mean Absolute Percentage Deviation (MAPD) 21.92% 22.61%

Table 3. Cochrane-Orcutt Estimates of the Effects of Google Mobility on Daily COVID-19 Cases

Ottawa Peel Toronto York
0.595 (0.145)a  0.641 (0.206) 0.604 (0.254) 0.606 (0.149)a
0.331 (0.135)>  0.371 (0.206)c 0.392 (0.250) 0.416 (0.149)a
0.243 (0.126)¢ 0.418 (0.197) 0.776 (0.339) 0.284 0.129)

0182 (0.157)  -0.656 (0.267)° -0.807 (0.484)  -0.480 (0.178)

Yes Yes Yes Yes
0.8509 0.9803 0.9775 0.9441

9.39 41.092 61.66 36.58
20.33% 7.11% 6.24% 16.79%

Smaller PHUs
One Day Lagged Cases

Halton
0.747 (0.110)e
0.244 (0.11)0

0.815 (0.210)
0.115 (0.169)
0.031 (0.048) 0.0899 (0.032)
Seven Day Lagged Grocery Mobility -0.008 (0.071) -0.118 (0.038)=
Weekend Fixed Effect Yes Yes

Two Day Lagged Cases
Seven Day Lagged Retail Mobility

Adjusted R Square 0.8972 0.5536
Root Mean Square Error (RMSE) 14.03 11.34
Mean Absolute Percentage Deviation (MAPD) 18.51% 25.38%

Middlesex-London

Waterloo
0.801 (0.099)
0.199 (0.102)
0.134 (0.048)
-0.1521 (0.058)

Windsor
0.429 (0.167)°
0.147 (0.101)
-0.094 (0.120)
0.126 (0.202)

Simcoe-Muskoka
0.463 (0.091)a
0.500 (0.087)a
0.0913 (0.052)
-0.107 (0.079)

Niagara
0.940 (0.227)a
0.163 (0.167)
0.038 (0.03)
-0.048 (0.042)

Yes Yes Yes Yes
0.8384 0.8470 0.1563 0.9215

14.88 11.66 24.72 15.10
28.57% 22.89% 25.68% 18.26%

Percentaae Deviations (MAPDs) are constructed with respect to data from November 16t — December 15t.

Notes: The regressions in this table are based on data from May 1st- November 15t 2020 consisting of 229 observations for each Public Heath Unit. Regression estimates are obtained from Cochrane-Orcutt
transformations. Standard errors are in parentheses below coefficient estimates. a, b, and ¢ denote statistical significance at the 1%, 5%, and 10% levels. Root Mean Square Errors (RMSE) and Mean Absolute

Hamilton Durham
0.423 (0.107)a 0.421 (0.141)=
0.199 (0.080) 0.103 (0.087)
0.046 (0.036) -0.017 (0.033)
Seven Day Lagged Grocery Mobility -0.099 (0.043) -0.011 (0.045)
Weekend Fixed Effect Yes Yes

One Day Lagged Cases
Two Day Lagged Cases
Seven Day Lagged Retail Mobility

Adjusted R Square 0.1549 0.0797
Root Mean Square Error (RMSE) 21.70 65.05
Mean Absolute Percentage Deviation (MAPD) 21.92% 70.34%

Table 4. Cochrane-Orcutt Estimates of the Effects of Google Mobility on Natural Logarithm of Daily COVID-19 Cases

Peel
0.588 (0.097)
0.408 (0.096)
0.005 (0.002)
-0.006 (0.003)

York
0.537 (0.124)a
0.1791 (0.095)c
0.002 (0.016)
-0.0098 (0.023)

Toronto
0.702 (0.133)a
0.294 (0.133)>
0.008 (0.002)
-0.0102 (0.003)

Ottawa
0.609 (0.130)2
0.345 (0.125)
0.006 (0.005)
-0.002 (0.006)

Yes Yes Yes Yes
0.8899 0.9343 0.9797 0.2665

8.96 38.13 67.84 99.77
18.61% 6.37% 8.89% 48.81%

Percentage Deviations (MAPDs) are constructed with respect to data from November 16t — December 15t

Notes: The regressions in this table are based on data from May 1st- November 15t 2020 consisting of 229 observations for each Public Heath Unit. Regression estimates are obtained from Cochrane-Orcutt
transformations. Standard errors are in parentheses below coefficient estimates. a, b, and ¢ denote statistical significance at the 1%, 5%, and 10% levels. Root Mean Square Errors (RMSE) and Mean Absolute

In summary, these findings reveal retail mobility to be a statistically
significant determinant of COVID-19 incidence in four of the large
PHUs (Toronto, Ottawa, Peel, and York), which have experienced
particularly sharp increases in daily cases in recent months and th-
ree smaller regions (Middlesex-London, Simcoe-Muskoka, and Wa-
terloo). The negative sign of grocery mobility might reflect endoge-
neity bias as increases in daily cases drive down visits to grocery
stores. This is consistent with findings by Chan (2020b).

The specifications in Table 3 were also employed to construct pre-
dictions on daily cases from November 16" - December 15" The
ability to generate accurate forecasts is important, as it yields an idea
on future trends for resource planning purposes. Forecasts were
constructed with data updating on a weekly basis, and the corres-
ponding Root Mean Square Errors (RMSEs) and the Mean Absolute

Percentage Deviations (MAPDs) are reported for each Public Health
Unit." Larger PHUs for which Google retail indicators are statistically
significant - Toronto, Peel, and York - have lower MAPDs relative to
other PHUs, ranging from roughly 6% - 17%. As a sensitivity analysis,
Table 4 contains alternative estimates with the natural logarithm of
daily cases as the dependent variable. This was done to evaluate
the existence of a non-linear relationship between daily cases and
population mobility. Only the results with respect to large PHUs are
reported as the adjusted R squares for smaller PHUs were extremely
low. In terms of statistical significance, one and two day lagged cases
are statistically significant for most cities and retail and grocery mo-
bility are significant for Toronto and Peel. MAPDs are comparable to
corresponding values for Toronto, Peel, Ottawa, and Hamilton, but
much higher for Durham and York.

14 The MAPD is calculated by taking the percentage difference of each daily forecast from its actual value between November 16"-December 15%, converting it to an absolute value and then cal-

culating the mean across this sample range.
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CONCLUSION

The use of Google mobility indicators enables an assessment of the
types of population movements that have contributed towards rising
daily cases. Empirical estimates for individual PHUs imply significant
regional differences in the effects of population mobility. First, higher
retail mobility is correlated with an increase in daily cases for the lar-
gest PHUs of Toronto and Peel, which have also been experiencing
the most significant increase in daily cases. This finding is robust to
the use of different specifications. Results from levels models imply
that increases in retail mobility are also associated with higher daily
cases in Middlesex-London, Simcoe-Muskoka, and Waterloo. Howe-
ver, the results for smaller PHUs become insignificant when the de-
pendent variable is in natural logarithms. Given the statistical insigni-
ficance of retail mobility in other regions, these findings support the
implementation of retail closures on a regional basis to curb rising
COVID-19 cases. Second, results from forecasting exercises imply
that the larger PHUs in which retail mobility is statistically significant,
also have lower Mean Absolute Percentage Deviations (MAPDs).

Our results should be of value to policymakers, as they yield models
that are region specific, and can be used for resource allocation is-
sues, such as preparing hospitals for an influx of patients. Further,
they yield support for the extended closure of retail businesses in To-
ronto and Peel regions, given the robustness of coefficient estimates
of retail mobility across different specifications. The models are
simple enough that they can be easily built upon and appropriately
modified by local policymakers with limited resources. The findings
of this study demonstrate that Google data can be used to construct
evaluate the effects of some types of mobility and construct reaso-
nable predictions of day ahead COVID-19 cases.
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