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A B S T R A C T   

In this paper, we investigate the impact of mobility on the spread of COVID-19 in Tehran, Iran. We have per
formed a time series analysis between the indicators of public transit use and inter-city trips on the number of 
infected people. Our results showed a significant relationship between the number of infected people and 
mobility variables with both short-term and long-term lags. The long-term effect of mobility showed to have a 
consistent lag correlation with the weekly number of new COVID-19 positive cases. In our statistical analysis, we 
also investigated key non-transportation variables. For instance, the mandatory use of masks in public transit 
resulted in observing a 10% decrease in the number of infected people. In addition, the results confirmed that 
super-spreading events had significant increases in the number of positive cases. We have also assessed the 
impact of major events and holidays throughout the study period and analyzed the impacts of mobility patterns 
in those situations. Our analysis shows that holidays without inter-city travel bans have been associated with a 
27% increase in the number of weekly positive cases. As such, while holidays decrease transit usage, it can 
overall negatively affect spread control if proper control measures are not put in place. The result and discussions 
in this paper can help authorities understand the effects of different strategies and protocols with a pandemic 
control and choose the most beneficial ones.   

Introduction 

The recent COVID-19 outbreak is the first global pandemic in the 
current modern world, and many authorities had no experience dealing 
with it. Since its confirmation in December 2019 until October 2020 
there have been more than 46 million infected cases in the world (WHO, 
2019). In Iran, the first confirmed case was reported in February 2020. 
Since then until October 2020, there have been more than 550,000 re
ported positive cases, of which over 30,000 cases ended in death. About 
83,000 of those infected cases were from Tehran province. 

Two major policies that the government used to control the spread of 
the virus are decreasing the regular outside-the-home daily activities 
and restrictions on inter-city travels. Such actions are based on the prior 
knowledge that human mobility is one of the key factors contributing to 
the spreading of infectious diseases worldwide (Gezairy, 2003), and a 
strong positive correlation between infectious diseases’ spread and 
traffic volume is evidenced (Meloni et al., 2009; Wu et al., 2019). 
Therefore, utilizing mobility data can provide a reliable indicator of the 
degree of COVID-19′s spread and the effects of pandemic control pol
icies. Also, Kartal et al. (2021) have stated that between some mobility 

indicators (e.g. trips for grocery, retail, and workplace) and the number 
of infected people they have witnessed an econometric causality rela
tionship. However, some types of mobility such as walking and driving 
not seem to have an influence on the pandemic according to Kartal et al. 
(2021). 

There have been many contributions in the literature to study about 
the impact of COVID-19 on transport system usage and how the 
pandemic has changed travel patterns (Bhaduri et al., 2020; Lee et al., 
2020; Mogaji, 2020; Shamshiripour et al., 2020). Also, there are limited 
number of studies investigating the effects of mobility on COVID-19. For 
instance, Hadjidemetriou et al. (2020) examined the effect of govern
ment control measures on reducing human mobility and the relationship 
between the patterns of human mobility and the severe consequences of 
COVID-19 (e.g. death). Their results demonstrated a significant impact 
of mobility on the pandemic. In another study, Cartenì et al. (2020) used 
regression analysis to estimate the effect of different variables on the 
spread of the virus in Italy. The results showed that mobility habits, 
environmental variables (such as temperature and pollution), number of 
tests per day and the proximity to the location of the first outbreak were 
significant in the model. However, the variable representing mobility 
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habits was the most statistically significant variable explaining the 
number of COVID-19 cases which indicates the importance of the impact 
of mobility on the pandemic. The analysis done in Mo et al. (2021) 
estimated that during their one-month study period on the transit system 
in Singapore with its highly used and dense transit system, without any 
control enforcements on public transit system the number of infected 
people could have increased by 100 times. Therefore, preventive and 
controlling behaviors are the most effective measures to control the 
spreading of the epidemic. The impact of mobility on COVID-19′s spread 
is a complex relationship and various different factors play a part in it. 
Nevertheless, the studies presented in the literature are limited and have 
not captured the effects that utilizing the lag that exist between the 
cause and effect of behavior change or policy on the degree of disease 
spread. In addition, considering the impact of both inter and intra-city 
mobility simultaneously and separating the impact of restrictions of 
each on control the pandemic is yet remained to investigate. To the best 
of our knowledge, no studies in the literature has considered the gaps 
presented above, which is the motivation of this study. 

In this article, the first objective is to cover the aforementioned gap 
in the literature. Our main goal is to understand and quantify the impact 
of inter and intra-city mobility on the number of infected people and the 
time lag that exists between changes in mobility level and the resulting 
consequence on the number of new COVID-19 cases. We employed a 
time-series regression model between the corresponding parameters on 
a macro-scale level (i.e. City-wide). This modelling is performed based 
on empirical data from the city of Tehran. The Second objective in our 
statistical modelling is to investigate the impact of major events and 
holidays, on the virus spread. Our analysis period includes three 
important events with significant impacts on the number of infected 
people: 1) Nowruz Holiday, Persian new-year holiday (March 19-April 
1, 2020), 2) Eid al-Fitr (May 23-May 30, 2020) and 3) Ashura (August 
8-August 29, 2020). The government utilized different control measures 
in each of these major events, which led to different mobility patterns 
and consequently different degrees of disease spread. As such, the les
sons learned from different restrictions and control policies can be useful 
for the authorities. 

The rest of this study is organized as follows: Method Section ex
plains the datasets used in this study, how we obtained our model pa
rameters, statistical models employed, and their interpretations. Result 
and Discussion Section presents a discussion, and finally, Conclusion 
Section concludes followed by the future research directions. 

Method 

In this section, first, the datasets used in this study are explained and 
then developing the time series statistical models are discussed. 

Data 

We employed different datasets for the time series analysis: COVID- 

19 positive cases, public transit dataset, and inter-city trips dataset. Each 
dataset is described in detail in the following next three subsections. 

COVID-19 dataset 
Iran’s Ministry of Health’s official data have been used for all COVID- 

19 related data. We have collected the weekly number of positive cases 
from February 2019 to October 2020 for Tehran province. In this period, 
Tehran faced three waves of COVID-19 infection rate (see Fig. 1). 
Mortality from COVID-19 does not only depend on government action 
and human mobility. It also depends on a variety of other factors such as 
population density, age, quality of medical treatments and availability 
of equipment (Docherty et al., 2020; Murthy et al., 2020; Tian et al., 
2020). Since considering demographics and quality of medical treat
ments and availability of equipment are out of the scope of this research, 
we use the weekly number of infected people as the indicator for virus 
spread. In addition, the government officials arguably declared that 
there have been enough test kits in Iran from the beginning of the virus 
spread (Ministry of Health and Medical Education of Iran) and the un
availability of test kits has not affected the number of positive cases. 

Public transit 
We collected the AFC (automated fare collection) data of Tehran’s 

subways and BRTs (Bus Rapid Transit) from January 2019 to October 
2020. Around 40% of Tehran’s intra-city travels happen via subway and 
BRT (Nassereddine and Eskandari, 2017). The data obtained from the 
AFC system is the temporal and spatial information of the tap-in and tap- 
out of transit smart cards. The public transportation AFC data consists of 
smart cards tap-in records for all subway and bus trips and tap-outs for a 
portion of the subway trips as the tap-out is not mandatory. The dataset 
also includes the exact time, date, and station of all taps. With the 
datasets available, we can determine the origin and destination of all 
trips with tap-out information, and infer the destination and transfer 
stations on remaining trips based on series of logical, spatial, and tem
poral rules. 

A flowchart (Fig. 2) has been developed for our destination inference 
algorithm similar to the method proposed in Zhao et al. (2007). We 
inferred the destination for each trip to create the OD (Origin-
Destination) matrix of transit users. For trips consisting of both BRT and 
subway, we used similar assumptions considered in Nassir et al. (2011) 
and Gordon et al. (2013). More than 60% of AFC data included only 
information about entry tap (tap-in) from which 36% are subway only, 
43% BRT only, and 21% both; therefore, the algorithm first checks if the 
tap is related to BRT or subway system. If a trip has a tap-out (for some 
subway trip records), the destination is known. If there is no tap-out 
record (for all BRT and some subway trips), the destination is inferred 
based on the information from the origin of the next trip with the same 
smart card ID. In the case of inferring the destination of the last trip of 
the day, the origin of the first trip on the next day is used. Fig. 2 also 
presents the algorithm for destination inference for trips with a transfer. 

Ridership data alone cannot be a good variable to measure the 

Fig. 1. Weekly COVID-19 cases trend from Feb 2020 to Oct 2020 in Tehran.  
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activity of people in transportation systems during the pandemic. The 
amount of time or distance traveled in public transit systems can be a 
better description of people’s activity and exposure to the virus in the 
system. According to the OD matrix inference results, the exact time that 
each passenger spent in the transportation system could not be calcu
lated, which is due to the lack of Automatic Vehicle Location data. As 
such, we used the total distance traveled by the passengers per day (daily 
passenger-kilometer) including both trips with recorded and inferred 
tap-out stations. This amount is calculated by considering the distance 
between the location of origin and destination stations. 

The trend of changes in the estimated passenger-kilometer and the 
number of infected people is available in Fig. 3. A significant decline in 
public transportation ridership happened with the onset of the COVID- 
19 outbreak. Tehran’s public transit experienced an initial 60% drop 
in its weekly ridership two weeks before Nowruz holiday, and after a few 
months, settled on around 50% of its pre-pandemic level. 

Inter-city trips 
We used inter-city travels to capture the effect of traveling in the 

spread of the disease. According to the reports published by the Statis
tical Center of Iran (Statistical Center of Iran, 2019), more than 95% of 
domestic trips in Iran are made by road transportation (e.g. cars and 
buses). Thus, Tehran province’s traffic counts, extracted from loop de
tectors placed on all Tehran’s inter-province roads from January 2019 to 
October 2020, were used. 75% of weekly trips to and from Tehran are 
daily commuting trips from adjacent provinces. The portion of inter-city 
daily commuters was excluded, because those are part of regular daily 
work activities and are strongly correlated with the number of transit 
trips. In addition, the probability of neglecting social distancing and 
having close contacts with others during recreational trips for trips 

taking longer than a day are higher than those traveling for daily work 
and protected by sufficient distancing measures at the workplace. 

We calculated the difference between the number of entry trips and 
the number of exit trips of Tehran province for each day as inter-city trip 
variables for our analysis. As such, it allowed us to neutralize the effect 
of daily commuters as much as possible. With this logic, if the difference 
between daily entry and exits is positive, it shows that more people are 
traveling to the province (visiting trips for non-residents or returning to 
Tehran by residents). Similarly, if the difference is negative, it shows 
that more people leaving the province (outside province trips by resi
dents or non-residents leaving the province). Since the study area is 
Tehran province arrival trips to the province are more relevant. 
Consequently, we only kept days with a positive number and used the 
sum of positive numbers for each week as the inter-city trips variable in 
our analysis. (see Fig. 4) 

Model development 

A time-series database was created, consisting of weekly passenger- 
kilometer data, the number of positive cases of COVID-19, the number 
of inter-city auto trips (commuters excluded), and two dummy variables 
for an especial holiday and the period that wearing mask in public 
transportation system became mandatory. It is worthwhile to note that 
wearing mask in public places, especially outdoors, did not become 
mandatory in Tehran. Table 1 presents the list of variables and their 
definitions in this study. 

Passengers’ travel patterns may vary according to the day of the 
week. Therefore, weekly data were used in the model since the period
icity of the data is seven days, meaning that a certain pattern repeats 
every seven days. Other intervals might not produce uniform data for the 
model since certain travel patterns may not be taken into account at 
each interval. 

There are other factors such as air pollution and temperature (Car
tenì et al., 2020) that can affect the spread of the virus but they were not 
considered in this study. The absence of certain variables may raise 
concerns about endogeneity. Technically, endogeneity occurs when 
there is a correlation between the error term and predictor variable in 
the model (Weeks, 2002). In that case, the effect of the omitted variable 
will be considered in the error term. This will result in a violation of one 
of the OLS assumptions as it will cause a correlation between the inde
pendent variables and the error term. In our model that we have omitted 
some variables, as long as there is no correlation between the included 
variables and the omitted variables, the omission of variables would not 
affect the coefficient’s reliability (Greene, 2018). Temperature variable, 
for instance, is argued to have an effect on the virus spread, but is not 
correlated with transit use. Thus, omitting the temperature variable in 
predicting the virus spread would not bias the coefficient of transit use. 

Variables and Lags 
Due to the silently spreading nature of COVID-19 through commu

nities from those with no symptoms, it is reasonable to investigate the 
effect of every change in social interaction a few weeks later on the new 
confirmed COVID-19 cases with signs of COVID-19 and a positive test. 
Thus, different lags were explored for the variables. The lags are divided 
into two groups, short-term and long-term. The INF variable is consistent 
with the mathematical modeling of infectious diseases such as the Sus
ceptible, Infectious, or Recovered (SIR) models (Allen, 1994). The log
arithm of INF variable was used in order to prevent negative numbers in 
the model prediction. 

Fig. 5 illustrates the changes of the goodness of fit by adding new lags 
to each model from 1 to 9 weeks prior to the predicted week. We wit
nessed no significant changes in goodness-of-fit for INF variable and as 
the result, the goodness-of-fit seems to be insensitive to the lag variable. 
The model with the INF with one-week lag is almost well fitted on our 
observations, which means that this variable gives us enough informa
tion about the lagged effect. This trend is consistent with the SIR models. 

Fig. 2. Flowchart of destination inference of mass transit in Tehran from 
Automated data. 
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Public transit usage (PKM) has been used in modeling as one of the 
parameters that directly affect the incidence rate of COVID-19. Ac
cording to Fig. 5, the highest amount of goodness of fit belongs to the 
1:81 weeks lag. This is because PKM is an indicator of social interactions 
within the city and it takes more time to see the impact of transit usage 
on the infection rate. Lags with more than 8 weeks showed no more 
significant positive effects compared to 6 to 8 weeks lag. Adding further 
lags reduces the number of observations for training and thereby affects 
testing statistical models developed. As such, we did not use longer lags 
to avoid losing more observations. Due to the significant increase in R- 
squared from model 1:6 onwards, this variable was added to the model 
in the form of short-term intervals of 1 to 5 weeks lag and long-term 
intervals of 6 to 8 weeks lag. 

The next important mobility variable for the infection rate is the 
number of inter-city travels. After adding TRIP variable with further lags 
between 1 and 8 weeks, a significant increase was observed in the R- 
squared. This variable is discussed more in Variable Interpretation sec
tion. To consider the short-term and long-term effects of this variable, it 
was divided into two separate intervals, consistent with the PKM 
variable. 

We used PKM and TRIP with both lags 1–5 and 6–8, as well as INF 
with a 1-week lag in our model. For the two dummy variables, Mask and 
Ashura, after examining different lags, a three-weeks lag results in the 
best prediction accuracy. Table 2 shows the statistical information of the 
final variables such as average and average standard error of 32 weeks of 
observations of each variable. 

Fig. 3. Weekly COVID-19 and Passenger-Kilometer trend form Jan 2020 to Oct 2020.  

Fig. 4. Weekly COVID-19 cases and Number of Trips trend from Jan 2020 to Oct 2020.  

Table 1 
Description of variables and symbols used in the model.  

Variable Description 

INF  Weekly number of infected people in unit of 1000 individuals. 
(dependent variable) 

PKM  Weekly mass transit passenger-kilometer data in unit of million 
kilometer. 

TRIP  Weekly trip data in unit of 1 million vehicles. 
INFm  INF variable with m weeks lag. 
PKMn− m  Average of PKM variable from lag n to lag m. 
TRIPn− m  Average of TRIP variable from lag n to lag m. 
Maskt− q  Binary variable with q weeks lag (is equal to 1 for the weeks that wearing 

mask was mandatory in public transportation). 
Ashurat− q  Binary variable with q weeks lag (is equal to 1 for the three weeks of 

Ashura ceremonies in Muharram month).  

Fig. 5. R-squared trends of each variable with different lag ranges.  1 i:j means that considering all lags of a variable from the i-th week to the j-th 
week. 
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Model selection 
We used the forward selection approach for the time series multi

variable regression analysis in this research which is based on standard 
OLS (Ordinary Least Squares). A time-series analysis collects data over a 
period. This method is used to estimate a variable as a function of other 
parameters over time, called dynamic causality. There are 3 main classes 
of time-series models: autoregressive models (AR), integrated models (I) 
and moving average models (MA). By combining these models, some 
models such as autoregressive moving average models (ARMA) and 
autoregressive integrated moving average models (ARIMA) were pro
duced (Box et al., 2008). In this study, the model is based on AR model. 
The dependent variable is modeled along with its lags, as well as some 
independent variables. Independent variables are added step by step to 
study the impact of each individual predictor on overall goodness-of-fit. 

Table 3 shows the goodness of fit of the model increases as more 
related variables are added. We began with INF (number of infected 
people from the previous week). As it could be expected, INF is the 
predictor with the highest correlation with the dependent variable. As 
PKM (Model 2) and TRIP (Model 3) variables are added, the model can 
capture the trend more accurately. In addition, adding dummy vari
ables, Mask (Model 4) and Ashura (Model 5) also increased the goodness 
of fit of the model. Both of these dummy variables are shown to be 
statistically significant and increase the prediction accuracy. Wearing 
mask has been shown very effective in reducing transmission risk in 
public transportation after it became mandatory. The special event 
Ashura has also been shown to affect the prediction accuracy. The 

ceremony takes place around the first three weeks of the lunar month of 
Muharram (August 15 to September 6). The media coverage during and 
after these events showed that social distancing was overlooked in lots of 
gatherings during that time. Also, an increase in the number of infected 
people in the subsequent weeks could be witnessed from the data that 
supported those reports. To consider the effect of these gatherings on the 
infection rate, we added a representing binary variable to the model 
with a 3-weeks lag, which was shown to have the best fit to the model. 

Our best-fit model is “Model 5” with R-squared being increased from 
69% for Model 1 to 90% for Model 5 formulated as below. 

ln(INFt) ∼ β0 + β1INF1 + β2PKM1− 5 + β3PKM6− 8 + β4TRIP1− 5 

+β5TRIP6− 8 + β6Maskt− 3 + β7Ashurat− 3 

According to p-values of the best-fit model, except for the PKM1− 5 

variable, all other variables are statistically significant. It is important to 
note that the R-squared value should be interpreted based on the num
ber of observations. According to this, the R-squared value is expected to 
decrease as the number of observations increases. 

To determine whether the model meets the assumptions of the linear 
regression model, linearity, homoscedasticity, normality, and autocor
relation should be evaluated after the model is developed (Poole and 
O’Farrell, 1971). These critical assumptions of the ordinary least squares 
method (OLS) are likely to be violated in a model with limited obser
vations and time-series nature. 

For testing the assumption of linearity, the residuals vs fitted plot are 
used (see Fig. 6). Our linear regression model is linear in parameters, as 
seen by the equally distributed residuals along a horizontal line with no 
apparent patterns. 

Breusch-Pagan test (Breusch and Pagan, 1979) is used for checking 
homoscedasticity on our model’s residuals. In this case, the p-value of 
the test is about 0.86, which indicates that no evidence exists to support 
the hypothesis that residuals are not homoscedastic (p-value lower than 
0.05 would make residuals not homoscedastic). 

For the normality test, we use Shapiro-Wilk’s method (Shapiro and 
Wilk, 1965). The null hypothesis for this test is that the data is normally 
distributed so if the p-value is significantly close to zero (in this case 
equal or <0.05), the normality hypothesis will be rejected. The p-value 
for the Shapiro test for our model’s residuals is 0.80 which shows that 
the normality assumption for model residuals cannot be rejected by the 
test. 

For the potential problem of autocorrelation in our model, the 
Durbin-Watson statistic is used to investigate the existence of this 
problem (Savin and White, 1977). The Durbin-Watson test always has a 
value between 0 and 4. A value of 2.0 evidences no autocorrelation in 
the residuals. The Durbin-Watson statistic turned out to be 1.85 which is 
statistically different from 0 and 4 and in a safe range of “no autocor
relation” zone. The Durbin-Watson statistic, however, is slightly below 2 
which indicates a tiny tendency toward the positive autocorrelation 
zone. To make sure this tiny tendency does not affect the standard error 
of the coefficients, we adopted heteroskedasticity and autocorrelation 
consistent (HAC) estimators of the variance–covariance matrix (Newey 
and West, 2014). Although the HAC and classic standard errors are not 
very different in values, HAC standard errors are used in the model’s 

Table 2 
Statistical information of variables used in model.   

Infected INF1  PKM1− 5  PKM6− 8  TRIP1− 5  TRIP6− 8  Maskt− 3  Ashurat− 3  

Unit 1000 
Person 

1000 
Person 

1000 
Million KM 

1000 
Million KM 

1 Million 
Vehicle 

1 Million 
Vehicle 

Binary Binary 

Number of value 32 32 32 32 32 32 32 32 
Min 0.64 0.64 0.02 0.01 0.03 0.03 0.00 0.00 
Max 4.98 4.98 0.07 0.10 0.29 0.33 1.00 1.00 
Median 2.31 2.10 0.05 0.05 0.19 0.18 1.00 0.00 
Mean 2.51 2.43 0.04 0.05 0.18 0.16 0.78 0.09 
Average Standard Error 0.22 0.22 0.00 0.00 0.01 0.02 0.07 0.05 
Variance 1.61 1.55 0.00 0.00 0.01 0.01 0.18 0.09  

Table 3 
Model development summary for INF as dependent variable.   

Model 
(1) 

Model (2) Model 
(3) 

Model (4) Model (5) 

(Intercept) − 0.09 ¡0.43 
*** 

¡0.66* ¡1.00 
*** 

¡0.85 
***  

[0.48] [0.00] [0.07] [0.00] [0.00] 
INF1 0.36 *** 0.31 *** 0.67 *** 0.21 *** 0.18 ***  

[0.00] [0.00] [0.00] [0.00] [0.00] 
PKM1–5  9.62 *** − 7.10 − 3.11 − 3.12   

[0.00] [0.34] [0.27] [0.16] 
PKM6–8  1.35 12.30 ** 9.47 *** 8.52 ***   

[0.50] [0.03] [0.00] [0.00] 
TRIP1–5   5.38 ** 5.04 *** 4.02 ***    

[0.02] [0.00] [0.00] 
TRIP6–8   1.91** 3.47 *** 3.81 ***    

[0.02] [0.00] [0.00] 
Maskt–3    ¡0.68 ** ¡0.59 *     

[0.04] [0.07] 
Ashurat–3     0.35 **      

[0.00] 
N. obs. 34 32 32 32 32 
R squared 0.69 0.72 0.83 0.88 0.90 
Adjusted R 

squared 
0.68 0.69 0.79 0.85 0.87 

F statistic 72.41 23.66 24.74 29.35 31.99 
P value 0.00 0.00 0.00 0.00 0.00 

*** p < 0.01; ** p < 0.05; * p < 0.1. 
P-value in brackets. 
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result as they are more reliable. 
Table 4 shows the results of the F-test between models of Table 3 to 

evaluate whether the increase of goodness of fit is significant. According 
to Table 3, adding mobility indicator variables (Model 3) increases the 
goodness of fit by 14%. F-test showed adding these variables resulted in 
significant improvement to the model. Also, after adding the variable of 
Mask (Model 4), the R-squared improves to 88%, and the F-test result 
between Model 3 and Model 4 confirmed that this increase is significant. 
Finally, comparing Model 5 with Ashura variable added with Model 4, 
the R-squared increased by 2% and results of the F-test showed this was 
a significant improvement to the model as well. 

Result and discussion 

In this section, the interpretation of the variables based on the results 
obtained from our best-fit model, and the stability of model coefficients 
over different time spans are presented. Furthermore, the impact of 
some major events during the study period is investigated in order to 
observe how changes in activity patterns, affect the number of infected 
people. 

Variable interpretation 

INF or the number of infected people from the previous week is 
strongly correlated with the dependent variable, and it could be ex
pected since it was the lag variable. The higher the number of infected 
people in a week, the more probability of infecting susceptible in
dividuals in the next time step. This observation is consistent with the 
SIR models as well. 

The developed model suggests a strong correlation between PKM and 
the number of infected people. When the PKM variable is increased by 
10 million passenger-kilometers, the number of infected people between 
one and eight weeks after that will increase by 14.6%. As shown in 
Fig. 5, this rise does not appear until the fifth week after an increase in 
the passenger-kilometer rate, and from the sixth to the eighth week, the 
number of infected people begins to rise and then stabilizes. As discussed 
earlier, an increase in PKM is an indicator of increased social interaction 
within the society. This is especially more prominent for public transit 
usage as social distancing may not be properly followed on busy subway 
and BRT routes. This observation is consistent with the conclusion in Mo 
et al. (2021) where they discovered closing the top 40% of high-demand 

bus routes, which ultimately causes a reduction in demand, can result in 
a 15.3% reduction in the average number of secondary infections caused 
by a primary case introduced in a fully susceptible population. 

The silently spreading character of the COVID-19 with infected 
people with no symptoms could be one of the reasons for a relatively 
long lag (up to 8 weeks) between the PKM variable and the dependent 
variable. Our model indicates that it takes six to eight weeks until these 
behaviors show their effect on the number of infected people, which was 
categorized as long-term effects. 

According to the coefficients for TRIP variables in the model, 
100,000 increase in TRIP (trips from out of province) leads to a 34.4% 
increase in weekly cases of infection from one to eight weeks after the 
increase. According to Fig. 5, the increase takes place gradually up to 
eight weeks after the TRIP variable was increased, and then it becomes 
stable. The TRIP variable is to capture the number of the people who 
were susceptible while traveling to other cities and some became 
infected during their trip before returning to the province. This causes an 
increase in the number of positive cases one to five weeks after the trip 
has ended (short-term impact, TRIP1-5). Similar to PKM there seems to be 
a long-term impact between the number of out-of-province trips and the 
number of infected people 6 to 8 weeks later. The silently spreading 
nature of COVID-19 from those infected with no symptoms may result in 
TRIP6-8 variable being statistically significant. If there are more 
aggressive testing (without requiring some signs of the disease) such 
long-term lag for PKM and TRIP may arguably become less statistically 
significant. 

Due to the ignorance of social distancing and health protocols in the 
ceremonies held in the Ashura holiday, the probability of transmitting 
the virus from the carriers who participated in these ceremonies is very 
high. To better capture the effect, a dummy variable (Ashura) was 
defined in the model. The results of holding this group of ceremonies, 
based on the model, can be observed in three weeks in terms of infection. 
Our model indicates that, neglecting all other factors (i.e. mobility in
dicators), during three weeks of the Ashura event more than 4100 per
sons became infected with the virus in Tehran province. 

Studies have shown that using masks, especially in a public place, 
can be extremely helpful in reducing the spread of the virus (Eikenberry 
et al., 2020). In Iran, wearing mask became mandatory in all public 
transportation vehicles from May 2nd, 2020. We captured the effect of 
this intervention by introducing a dummy variable in our time series 
regression analysis. The Mask parameter’s p-value points out a signifi
cant impact on the number of infected people (Table 3), and the negative 
coefficient indicates that it has reduced the number of COVID-19 cases. 
Based on the Mask variable’s coefficient in the model, after wearing the 
mask in public transportation become compulsory, it prevented more 
than 52,900 new COVID-19 cases in the province from May to October 
2020. 

Stability of coefficients 

To observe whether regression coefficients are constant during the 
study period, a stability analysis of all coefficients in different periods 

Fig. 6. Linearity test results.  

Table 4 
F-Test results of comparing models of Table 3.   

F- 
statics 

Degree of 
Freedom1 

Degree of 
Freedom2 

P- 
value 

Model 1 – Model 
3 

5.35 4 26 0.002 

Model 3 – Model 
4 

10.42 1 25 0.003 

Model 4 – Model 
5 

4.80 1 24 0.038  
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was performed. We tested 10 series, each covering 22 consecutive weeks 
with different start dates, for all model coefficients, as shown in Fig. 7. 

The confidence interval for the short-term effect of PKM varies 
around zero, as the variable is not statistically significant. The model 
coefficient for long-term PKM seems to jump to a higher value from the 
end of March 2020. The reason could be due to the fact that after the 
initial shock to travel patterns at the beginning of the pandemic, people 
may have gotten used to a new normal travel pattern of using public 
transit. This observation is also consistent with the transit usage and 
trends presented in Figs. 1 and 2. The initial lockdown and Nowruz 

holiday may also affect this model coefficient resulting in a different 
stable value before the reopening of the economy. 

The short-term and long-term effects of the TRIP variable seem to be 
consistent and do not noticeably change throughout the study period, 
especially for the short-term effects. It is also observed that the confi
dence interval of INF decreases as we go forward in time. This may be 
attributed to the fact that there is more certainty around the true number 
of confirmed new COVID-19 cases. The same trend happens for Mask as 
well. It shows that as we go forward in time, more people tend to use 
masks and it can show its effect better. As for other significant variables, 

Fig. 7. Stability of model coefficients with their confidence intervals in different time slots.  
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the confidence intervals approximately stay the same throughout all of 
the series, which shows their coefficients are relatively stable during the 
study period. 

Elasticity values 

We calculated the elasticity for each of the variable deciles to study 
their trend changes. For this process, first, the number of deciles for each 
variable was calculated and then, the average elasticity in each decile 
was determined. 

According to the results in Fig. 8, The TRIP variable has the highest 
elasticity growth among all variables and its rate in the ninth and tenth 
decile reaches more than 1%. This observation shows that a high rate of 
inter-city travel has a stronger impact on the rate of infection in 1 to 8 
weeks later. The rate of elasticity growth in different deciles for the INF 
and PKM6-8 variables are similar, which means that every one percent 
change in these variables causes an approximately equal change in the 
infection rate. 

Impact of especial events 

There are three major events throughout our study period: 1) Persian 
new-year holiday (Nowruz), 2) Eid al-Fitr and 3) Ashura, and each had a 
significant impact on the number of COVID-19 cases. In the Nowruz 
holiday, all offices and commercial centers were closed for two weeks 
and the government put more restrictions on inter-city travel; however, 
in Eid al-Fitr and Ashura holidays there were no restrictions on inter-city 
travel as the number of new cases were relatively low at the time. 

In all three of the holiday periods, we see a decrease in weekly PKM 
(see Fig. 9). PKM decreased at a higher rate during Nowruz compared 
with Eid al-Fitr. However, based on our model results, the decrease in 
the number of new COVID-19 cases caused by the drop in PKM was less 
during Nowruz because Nowruz was at the very beginning of the 
pandemic and the total number of cases during that time was signifi
cantly lower than Eid al-Fitr, which was during the third peak. 

The increase in the number of inter-city travels has a significant 
positive effect on the number of infected people in the weeks after. 
According to Fig. 8, the TRIP variable has the greatest elasticity and 
effect on increasing the number of new cases. Therefore, holidays 
without restrictions on inter-city travel not only do not reduce the 
number of infected people, but also can significantly increase the 
number of new COVID-19 cases. Lack of restrictions during the Eid al- 
Fitr and Ashura holidays is the reason that the number of infected 
people of these two holidays is much higher than the Nowruz holiday. 

As it was predicted, due to the holding of ceremonies and the 
reduction of social distance during the Ashura holiday, the rate of 
infection is very significant, which is even higher than the number of 

patients after the Nowruz holiday. 

Conclusion 

In this paper, our main target was to measure the relationship be
tween the number of new COVID-19 cases and the inter-city and intra- 
city mobility activities of Tehran. We performed a time-series regres
sion analysis between the indicators of public transit use and of inter- 
city trips, and other relevant parameters on the number of infected 
people. For this analysis, transit passenger-kilometer calculated from 
AFC data was used as the intra-city activity indicator. As for the inter- 
city mobility indicator, we used the traffic counts in and out of Tehran 
province excluding commuting trips. The results show that the transit 
passenger-kilometers variable is statistically significant for the long- 
term lags (6 to 8 weeks) while the inter-city travel variable is statisti
cally significant for both short-term (1–5 weeks) and long-term. Inter
estingly, these statistically significant long-term lags exceed the current 
applied incubation and quarantine periods. This implicates that re
strictions and new policies regarding mobility have a much longer 
lasting impact than the commonly accepted 2–3 weeks period. Thus, a 
well-adjusted plan for implementing or releasing restrictions for 
mobility should consider these long-term effects. 

We analyzed the impacts of some key events and holidays during the 
study period. The result from this analysis shows that during holidays, 
reduced transit usage results in a decrease in the number of new cases. 
However, if no restriction is in place for out-of-province trips, an in
crease in the number of them not only will neutralize the positive effect 
of fewer intra-city mobility, but it possibly can result in an increase in 
the number of new cases. For instance, during Persian new-year holiday 
that a travel ban was applied, increase in new COVID-19 was controlled 
to some extent. However, during the Eid al-Fitr holiday when no re
striction on out of province travels were enforced, the negative impact of 
mobility on new COVID-19 cases were strong. This suggests that gov
ernments might need to enforce a set of specific rules and considerations 
prior to every major event. The ones that are statutory holidays, espe
cially when can be combined with the weekends, usually end up 
increasing the amount of inter-city trips drastically. Thus, restricting 
intra-city travel while keeping inter-city travel open could result in a 
better pandemic control during holidays. On the other hand, holidays 
during weekdays or observance that include public ceremonies can be 
controlled through interventions such as nightly traffic curfew. 

There were limitations in our study related to data access which can 
be addressed as possible future directions of this research. We assumed 
the passenger-kilometer to be the indicator of both mobility and eco
nomic activities in the city. However, considering other indicators for 
economic and social activities (such as bank and credit card transactions 
separated by transaction types) may help to better separate the impact of 

Fig. 8. Average elasticity change of variables for each decile.  
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mobility on COVID-19. Also, this study was performed with weekly 
observations. A study with daily intervals can give better and more 
specific results. Other factors that could also possibly be considered, 
given data availability, include separation of trip purposes, types and 
settings of activities outside the home, the infectiousness of the variants 
in circulation, number of COVID-19 tests per day, weather and climate 
related factors (e.g. temperature, pollution), spatial components related 
to exact locations of disease breakout points. Thus, further studies in this 
matter are encouraged. A comparison of the findings in this paper with 
other cities can be another interesting area for research. 
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