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Abstract 

Human interaction and mobility patterns are one of the key factors in modeling and 

controlling epidemiological outbreaks, seen with the ongoing SARS-COV2 pandemic. Most 

public health policies, adopted over the past two years, were designed to contain virus 

transmission by imposing restrictions on human mobility and interactions. 

We provide a test case scenario of using crowdsourced data from Google’s “Popular 

times” graph available on Google Maps for various points of interest present there. We posit 

that the data available in this graph can be used as a proxy for both human mobility and 

human interactions, and at a more granular level, could be used to evaluate the current 

epidemiological situation and assess the impact of the ongoing public health restrictions. The 

data collected during our study period was then plotted as a heatmap overlaid atop 

OpenStreetMaps for ease of visualization. 

The dataset is comprised of a randomly stratified sample of restaurants, bars, and clubs 

in Bucharest, for which we collected the daily rates “busyness” for each of the points of 

interest in the sample. For hypothesis testing, we employed several classification 

algorithms/models to assess Google’s “Popular times” statistical strength in predicting 

current epidemiological status and public health policy effects. 
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1. Introduction 

The COVID-19 pandemic brought forth by SARS-CoV-2 came with many 

disruptions to our modern life style, and while the pandemic potential of 
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coronaviruses coupled with habitat disruptions were discussed by scientists for many 

years, the world as a whole was still taken by surprise. 

The main public health policies adopted by governments around the world, 

consisted of lockdowns and severe mobility restrictions for various periods across 

the early phases of the pandemic. These policies were estimated to have saved 

millions of lives by curbing the viral spread and keeping the hospitals from being 

overloaded. However, with more knowledge about the virus being obtained, nations 

moved away from lockdowns to other non-pharmaceutical interventions (NPI), and 

with vaccines and better treatment protocols becoming available, blanket restrictions 

were mostly lifted. 

In Romania, the initial lockdown and early policies proved to be highly 

successful, with the moving average 7 days (MA7) cases before the lockdown was 

lifted on May 14th, 2020, being 250, and death MA7 at around 23. However, as the 

lockdown was lifted, cases MA7 jumped to ~1200 by the end of August, 2020, with 

the death MA7 being at around 45, continuing to increase at an accelerated rate once 

more restrictions were lifted globally and people interacted more. 

Previous research, on other diseases with a respiratory component to them, has 

shown that mobility and human interaction patterns correlate well with disease 

transmission (Findlater, Bogoch, 2018), thus it was expected that NPIs will help 

reduce the spread; however, exact causality of NPIs is hard to establish within a 

population due to the myriad of host intrinsic and extrinsic factors affecting disease 

transmission, especially respiratory ones.  

2. Problem Statement 

Existing literature describes the role human social interactions have in viral 

transmission dynamics, especially for respiratory diseases (Leung, 2021; Buckee, 

Noor, Sattenspiel, 2021; Cauchemez et al., 2011). Typical models used in 

epidemiology are based on SIR (Hethcote, 1989), and other derivatives, wherein  

they typically forecast growth based on certain disease/pathogen characteristics, 

such as R0 (i.e. how infectious a disease is), how large the susceptible (S) population 

is, how many people were already infected (I), and how many recovered (R) and 

assumed to be completely immune afterwards. 

These models were developed to be used in small isolated populations with the 

specific assumptions of a constant population size and homogeneity in interactions 

between the individuals of said populations. 

Our approach, while also focusing on local populations, uses Google’s Popular 

Times data to explain and potentially forecast the local daily cases. Popular Times is 

a Google Maps feature which reports historical averages for each hour of each day 

of the week, in addition to this, it also reports, where available, the “live busyness” 

value of venues. This live value is determined based on Android’s built-in location 

sharing (Google, 2020). Because the data is aggregated on a temporal basis from 

local devices, it is able to act as a proxy for local social interaction patterns. 
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3. Research Questions 

We know from the existing literature that the incubation period of SARS-CoV-2 

fluctuates to some degree between populations (due to intrinsic and extrinsic host 

factors), as well as between circulating variants, with the median value ranging 

between 3-7 days after contact until symptom onset, for both Omicron and Delta 

variants (Del Águila-Mejía et al., 2022; Mefsin et al., 2022; Zhang et al., 2021). In 

addition to this lag interval, there exists also a human and bureaucratic lag interval. 

The human one stems from the time the symptomatic person decides to get tested, 

be it because they recognized their symptoms as being related to COVID-19, or 

because they were required to get tested. The other lag stems from how long the test 

result takes to come back to the person, and be officially counted in the national 

statistics. This second, bureaucratic, lag interval will fluctuate depending on the local 

epidemiological situation and the backlog of testing sites and authorities.  

Thus, in order to assess the predictive power of our indicator, we first had to 

approximate the local bureaucratic lag, and use it to estimate approximate interval 

between a potential exposure event and being registered in the official statistics. 

4. Research Methods 

4.1 Data Sources 

Venue lists 

We compiled a list of popular venues in Bucharest from various websites  

(e.g., TripAdvisor, Metropotam), from which we kept only ones that had any sort  

of rating or review. The resulting list was then fed through a Python script to gather 

and append to each of the venues their peak popular hour for each day of the week, 

while dropping venues which had no available Popular Times data for the full week. 

Our final list contained a total of 63 venues, which was then fed through a Python 

script to gather and add to each of the venues their peak popular hour for each day 

of the week. 

Table 1. Venue type distribution per Google’s data 

Venue type  

Beer 27 

Restaurant 25 

Bar 10 

Clubs 1 

Source: Authors’ own work. 

COVID-19 data 

We used the reports made available on the official coronavirus-related 

government websites “datelazi.ro” and “stirioficiale.ro”. We built 2 datasets from 

these sources, one containing daily SARS-CoV-2 infections in Bucharest, and one 
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containing total daily tests, accounting for our study period, from February 10th,  

2022 to February 26th.  

Popular Times 

Since this data is not publicly exposed in Google’s Maps API, nor any  

other public API made available by Google, we employed two different methods  

for redundancy. 

The first method was to build a Selenium scraper that would run daily and visit 

each of the venues on the list at their peak hour to scrape the “busyness” value, and 

two hours after the curfew started. This method, however, requires supervision  

as Google sometimes detects unusual actions and requires a captcha puzzle to  

be solved. 

The second method involved using a third-party platform (i.e., besttime.app) 

which makes available via API their services to obtain the required popular times 

data without the issues of the previous method. The dataset obtained from both 

methods was congruent. 

4.2 Data Analysis 

To analyse the correlation between human mobility and new COVID-19 cases, 

we need to account for the lag between first coming into contact with the virus, and 

when the case is officially recorded in the public data. This lag will consist of the 

incubation period and the bureaucratic lag. 

In order to approximate what the bureaucratic lag was during February, the month 

of our study period, we fitted the number of daily tests and cases from Bucharest, to 

a linear regression, and selected the lag which best fit our data, which was 4 days. 

For analysing the correlation between our mobility indicators and new daily cases 

in Bucharest, we offset the data from our dates by the median incubation period  

(5 days median of 3-7 range) and the bureaucratic lag (4 days), thus 9 days.  

5. Findings 

5.1 Busyness and dwell time values 

Figure 1 presents the aggregated busyness and dwell time values across our  

study period. Dwell time represents how much time people spend in a location. The 

first dip is on Tuesday, February 15th, while the second is one is on Monday, 

February 21th. 
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Figure 1. Busyness and dwell times 

 
Source: Authors’ own work. 

 

It is reasonable to assume a cyclicity in busyness trends based on days of the 

week, with Monday being the lowest, barring any significant events such as February 

14th which seems to have pushed the busyness higher than on February 21th in. 

 
Figure 2. Busyness across day of the week 

 
Source: Authors’ own work. 
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In Figure 2, we look at the aggregated data for days of the week, where we see 

that Monday is indeed the lowest. As expected, Thursday to Sunday shows a peak, 

reflecting social interaction patterns. 

It is also possible that the increased number of observations in this timeframe is 

from a number of venues which are not open for the full week. 

5.2 Daily tests versus new cases in Bucharest 

Figure 3 shows the test-case relationship during the month of our study, whereas 

Table 2 presents the result of the regression where 4 days offset between test date 

and the official case count was used. With an adjusted R-squared value of 0.8876, 

the model has a good fit within the time period analysed and with the offset used. 

 
Figure 3. Tests versus cases 

 

Source: Authors’ own work. 

 

Table 2. Test vs cases regression statistics 

R Squared 
Adj. R 

Squared 
RMSE 

F Ratio P Value 

0.915714260 0.887619014 4,061.26678129 32.5932098161 0.0106 

Source: Authors’ own work. 
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5.3 Effect of busyness and dwell time on cases 

We fitted the busyness value and dwell times on a linear regression versus cases. 

Table 3 presents the power of the model. 
 

Table 3. Busyness and dwell time vs cases regression statistics 

R Squared 
Adj. R 

Squared 
RMSE 

F Ratio P Value 

0.584231011 0.514936179 562.94886967 8.4310907369 0.0051 

Source: Authors’ own work 
 

Figure 4 shows how the same variables, when used in Facebook’s time series 

Prophet forecasting procedure, is able to predict accurately the daily cases in 

Bucharest. Table 4 presents the summary of the model, with a mean absolute 

percentage error of 20%, the model is considered good. 
 

Figure 4. Prophet forecasting model 

 
Source: Authors’ own work 

 

Table 4. Prophet summary 

RMSE MAE MAPE 

473.6198 358.4501 0.2055 

Source: Authors’ own work. 
 

From an epidemiological standpoint, the more time someone spends in a location, 

the bigger the increase in risk of acquiring an infection. Thus, if someone spends 

more time in an already busy location, we expect that fitting busyness x dwell time 

(named abs_index in our data) as a factor to increase the fit of the model, which is 

confirmed in Table 5. 
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Table 5. abs_index regression statistics 

R Squared 
Adj. R 

Squared 
RMSE 

F Ratio P Value 

0.631954504 0.603643312 529.65570998 22.321720127 0.0003 

Source: Authors’ own work. 
 

Testing the abs_index, along with the standalone values, using Spearman's rank 

correlation, we obtain the results presented in Table 6 and Figure 5. These results 

show how intertwined human behaviour is in cases, as they are in a perpetual 

feedback loop. As cases go up, people self-correct their behaviour and start avoiding 

busy places, thus causing venue busyness and dwell times go down. But as they go 

down and cases peak and start falling, people start to go out more.  
 

Table 6. abs_index correlation statistics 

  Correlation P Value ρ (rho) Value 

abs_index live_busyness 0.81785714 0.0002971 102 

abs_index dwell_time_avg 0.57857143 0.02636913 236 

live_busyness dwell_time_avg 0.09642857 0.73373753 506 

live_busyness cases -0.4892857 0.06659231 834 

dwell_time_avg cases -0.5678571 0.02980447 878 

abs_index cases -0.7285714 0.00292671 968 

Source: Authors’ own work. 
 

Figure 5. abs_index correlation graphic 

 
Source: Authors’ own work. 
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5.4 Venue activity before and after curfew 

During the period of our study, in Romania several restrictions were in place, one 

of them being a 10 PM curfew time for public places.  

 
Figure 6a. Activity before curfew 

Source: Authors’ own work. 

 

As per our collected data, Figure 6a shows the aggregated activity of 63 venues, 

before the closing time imposed by the 10 PM curfew.  

 
Figure 6b. Activity after curfew 

Source: Authors’ own work. 
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After curfew, 23 venues still present activity at 23:59 when the snapshot  

was taken. 

6. Conclusions 

Our approach shows the potential to explain, at least in the short term, the 

evolution of local daily cases. An advantage to this approach is that, in essence,  

the indicators are based on crowd-generated data, which is publicly available for 

anyone to scrape and use. 

With only 2 indicators, that of venue busyness and time spent by patrons, our 

model is able to explain the change in cases, and because the indicators  

dynamically reflect human interaction and mobility patterns, a live forecast model 

can be deployed to make predictions based on them with decent accuracy and  

few resources. 

An unexpected result of our approach comes from also being able to track 

adhesion to public health policies, specifically the one imposing a curfew for  

venues. With a decent number of venues still having live traffic after the curfew  

hour, it could potentially reflect the mistrust people have in the measures 

implemented by the authorities, which in a pandemic situation proposes both  

health and governmental challenges. 

Moreover, the two challenges are strongly connected with a governmental crisis 

leading to inefficacy to manage public health. As such, mistrust in government 

authority is associated with misperceptions concerning the threat proposed by 

COVID-19 (Jennings et al., 2021). Extant literature underlines mistrust in authority 

as the main factor leading to vaccine hesitancy (Hudson, Montelpare, 2021), low 

engagement in safety behaviours (Blair et al., 2021), and refusing assumed 

responsibilities such as lockdown measures (Hilhorst, Mena, 2021). As health crises 

such as COVID-19 surprise in various ways, the public needs to combat the 

generalized sense of uncertainty with the trust that ministers adequately respond to 

ambiguous situations (Boin, 2008). In turn, policymakers need to trust the public to 

implement the measures targeted at reducing the virus spread (Ahern, Loh, 2021). 

With problems arising in rapid succession, this type of reciprocal trust can only be 

guaranteed by consistent evidence. Studies suggest that, indeed, controversies should 

be addressed through thought through crisis communication, responsible journalism, 

and rumours dispelled (Yu, Lasco, and David, 2021; Jacob et al., 2021). Finally, 

effective crisis management based on public trust is crucial not only for society as a 

whole but also for individual well-being and mental comfort with stress, depression, 

and anxiety steadily increasing across the globe due to the outbreak of COVID-19 

(Bawankule et al., 2020). 
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