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ABSTRACT
Introduction  Concerns have been raised about the 
potential for risk compensation in the context of mask 
mandates for mitigating the spread of COVID-19. 
However, the debate about the presence or absence of 
risk compensation for universal mandatory mask-wearing 
rules—especially in the context of COVID-19—is not 
settled yet.
Methods  Mobility is used as a proxy for risky behaviour 
before and after the mask mandates. Two sets of 
regressions are estimated to decipher (any) risk-
compensating effect of mask mandate in Bangladesh. 
These include: (1) intervention regression analysis 
of daily activities at six types of locations, using pre-
mask-mandate and post-mandate data; and (2) multiple 
regression analysis of daily new COVID-19 cases on daily 
mobility (lagged) to establish mobility as a valid proxy.
Results  (1) Statistically, mobility increased at all five non-
residential locations, while home stays decreased after 
the mask mandate was issued; (2) daily mobility had a 
statistically significant association on daily new cases (with 
around 10 days of lag). Both significances were calculated 
at 95% confidence level.
Conclusion  Community mobility had increased (and stay 
at home decreased) after the mandatory mask-wearing 
rule, and given mobility is associated with increases in new 
COVID-19 cases, there is evidence of risk compensation 
effect of the mask mandate—at least partially—in 
Bangladesh.

INTRODUCTION
There is now increasing evidence from labo-
ratory and observational studies that face 
coverings, when worn correctly, can reduce 
the transmission of SARS-CoV-2, popularly 
known as COVID-19.1–5 Despite some initial 
caution in the early stages,6 the use of face 
coverings or face masks is now recommended 
or mandated in more than 160 countries in 
the world as a measure to reduce the trans-
mission of the virus.7 One of the reasons for 
the earlier caution was the concern about 
risk-compensating behaviour, whereby mask 

wearing could encourage people to undertake 
other activities that could increase the risks 
for transmission and thus could reduce or 

Key questions

What is already known?
	► A structured search on PubMed using the following 
search terms (‘risk compensation’ OR ‘risk homeo-
stasis’) AND (‘COVID19’ OR ‘COVID-19’ OR ‘covid19’ 
OR ‘covid-19’ OR ‘SARS CoV2’ OR ‘SARSCoV-2’ OR 
‘SARS-CoV-2’ OR ‘SARS-COV2’) AND (‘face mask’ 
OR ‘face cover’) revealed only two studies.

	► One of these is a systematic review that strongly 
points to the lack of studies on risk compensation in 
the context of COVID-19 and mask use.

	► The other newer study is the only peer-reviewed pri-
mary study reporting risk compensation effects of 
face mask mandates in the USA.

	► A wider search (no ‘face mask’ in search term) 
reveals a further seven studies, none of which are 
primary studies investigating the risk compensation 
effects of face mask wearing or face mask man-
dates in the context of COVID-19.

	► There are opinion and review pieces both cautioning 
against risk compensation effects and refuting the 
existence of risk compensation.

What are the new findings?
	► Given the lack of evidence specifically on face mask 
mandates and risk compensation in the context of 
COVID-19, this study adds value by providing new 
evidence and strengthens the evidence base on this 
topic.

	► There is statistically significant evidence that mobil-
ity at out-of-home locations had increased and stay 
at home had decreased since the mandatory mask 
rule was implemented in Bangladesh.

	► Since mobility is linked to daily new COVID-19 cases, 
the results suggest the existence of risk compensa-
tion effect of mandatory mask mandates.

	► The geographic coverage from a developing country 
is also a significant addition to knowledge, given the 
global nature of the pandemic and the need for a 
globally coordinated response.
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nullify the beneficial effects of wearing masks.6 8 However, 
even after more than one-and-a-half year since the first 
detection of COVID-19, there is limited evidence on the 
potential behavioural changes enabled by the perceived 
sense of safety arising from the mandatory mask-wearing 
regulation. A recent systematic review suggests ‘Any new 
research on face masks should assess and report the 
harms and downsides, including behavioural issues (ie, 
risk compensation behaviour [emphasis added]) ….’.9 This 
research addresses this gap by modelling the effects of 
mandatory mask regulations on mobility, where (poten-
tial) increases in mobility are used as an indicator for risk-
compensating effects. The hypothesis is that the sense of 
safety offered by the mandatory mask use regulation may 
encourage people to take more risks and allow them to 
venture out of homes more.

METHODS
Data
Mobility is chosen as the metric to study risk compen-
sation in this study. Daily aggregated mobility activity 
data for different activity locations in Bangladesh were 
collected from Google Community Mobility Reports.10 
Google collects the data from its Android phones with 
location history turned on, and aggregates the number 
of visits to different types of locations in a region, country 
or city. Data for six types of locations in Bangladesh are 
available—retail and recreation (restaurants, cafes, shop-
ping centres, museums, libraries, cinemas), grocery and 
pharmacy (supermarkets, bazaars, specialty food shops, 
food warehouses and pharmacies), parks, transit stations, 
workplaces, and residences. The out-of-home mobility 
and activity changes were calculated as the percent 
differences in the number of visitors compared with a 
baseline. For residential activity, percentage changes in 
the number of hours spent at home were reported. The 
baselines were median values for the corresponding days 
of the week from 3 January 2020 to 6 February 2020. 
As such, within-week daily variations in travel pattern 
are already cancelled out. As figure  1 shows, little vari-
ation around the baseline was noted from mid-February 
until mid-March which was followed by a sudden drop 
due to the closure of educational institutions, and then 
shopping malls, offices and transit operations in quick 

succession. After that, as the restrictions on operations 
were removed or relaxed, mobility started to gradually 
increase and recovered to pre-COVID-19 interruptions 
by October 2020.

Daily new COVID-19 cases for Bangladesh were 
collected from databases made available by Institute of 
Epidemiology, Disease Control and Research (IEDCR), 
Government of Bangladesh,11 and are presented in 
figure 2. Due to some discrepancies in early-period data, 
data from 1 April 2020 are used in this study. This also 
allows for the ramping up of testing compared with very 
few tests conducted in the early days. Descriptive statistics 
of the data are reported in online supplemental table S1.

Modelling strategy
All six aggregate Google mobility metrics are used to 
conduct six intervention analyses12 using the introduc-
tion of universal mask mandate as the intervention point. 

Figure 1  Percentage changes in mobility from a baseline in 
Bangladesh. The vertical lines represent non-pharmaceutical 
interventions (see figure 3). Data source: Google Community 
Mobility Reports.10

Figure 2  Number of daily new COVID-19 cases in 
Bangladesh for the period between 1 April 2020 and 
31 October 2020. The vertical lines represent non-
pharmaceutical interventions (see figure 3). Data source: 
IEDCR, Government of Bangladesh.11

Key questions

What do the new findings imply?
	► In conjunction with an earlier study in the USA, the findings provide 
robust evidence of increases in mobility after mask mandates, sug-
gesting the presence of risk compensation.

	► This can be important in policy design.
	► Future research needs to focus on quantifying the compensating 
effects, whether it is partial (in which case mask mandates are still 
beneficial and recommended), or full (in which case mask man-
dates are less effective), or overcompensating (in which case mask 
mandates are detrimental).

https://dx.doi.org/10.1136/bmjgh-2021-006803
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There were several interventions in a relatively short 
period of time in Bangladesh (eg, closure of educational 
institutions, shops, garment factories, offices and public 
transport, and then relaxing the closures in a staggered 
time frame, figure 3). Although the wearing of mask was 
recommended in some government-issued advisories 
earlier, any effects of those advisories cannot be sepa-
rated from other concurrent interventions, also those 
other interventions received more media and public 
attention. The mandatory use of face coverings everywhere 
out of home was announced in the afternoon of 21 July, 
which is of key interest in this study. This announcement 
also received widespread media attention, indicating 
wide dissemination of the policy. Fortunately, there was 
a 7-week period (1 June to 21 July) before the manda-
tory mask regulation where no new nationwide interven-
tions or relaxation of old interventions was announced, 
allowing the use of intervention analysis without substan-
tial interference from other policies. While there were 
a few other interventions during this period, they were 
very local, covering very small segments of population for 
very few days to have any discernible effect on the overall 
national aggregate numbers.

In the intervention modelling approach, the following 
steps are taken: (1) an Autoregressive Moving Average 
(ARMA) time-series model13 is estimated using the prein-
tervention data (2 June to 21 July), (2) the estimated 
model is used to predict the values from 22 July to act 
as counterfactual, and (3) the predicted mobility values 
(counterfactual) are compared with actual values to test 
any systematic differences, which can be interpreted as 
the effect of the intervention. The comparison of predic-
tions and actual mobility was done on data from 22 to 28 
July (7 days), stopping 4 days before the Eid-ul-Adha on 1 
August—a religious festival—in order to avoid the poten-
tial changes in mobility due to that particular event. The 
six ARMA models (models 1a–1f) have the following 
basic functional form:

	﻿‍

Mit = α + γTt + δWt +
p∑

j=1
βi,kMi,t−j+

q∑
k=1

θi,kεi,t−k + εit
‍�

Here, Mit is the changes in mobility of type i (i=6 activity 
location types) at time t, and ɛit is the error. Residual 
autocorrelation, partial autocorrelation and normality 
of errors were used to choose the appropriate order of 
autoregressive (p) and moving average error (q) compo-
nents. To capture the effects of weekends on the changes 
in mobility, an indicator variable (W) was added to the 
model. The data were trend stationary, so a linear time 
trend T was added to the ARMA model. The models were 
estimated separately for each i using the arima function 
in Stata.14

In order for mobility to be a valid metric for risk 
compensation, it is necessary to establish that an increase 
in mobility has a direct correlation with an increase in 
COVID-19 transmission. Several studies in various coun-
tries have well established this relationship using empir-
ical data on various COVID-19 metrics and mobility 
metrics.15–18 Nonetheless, a second set of regressions are 
run for daily new cases on lagged daily mobility (models 
2a–2f) using a longer time series (10 April to 31 October) 
for Bangladesh. Mobility is lagged in order to account for 
the time required from the changes in activities and asso-
ciated interactions to incubation of the virus in human 
hosts, symptom recognition, testing and obtaining test 
results. The following regression is run:

	﻿‍

Ct = α + φCt−1 + βiMi,t−l + ρEt + δWt + τFt−3+

γ1T1,t + γ2T2,tIT2,t + γ3T3,tIT3,t + εit ‍�
Here, Ct is daily new COVID-19 cases at time t, Mit is the 
mobility of type i (i=6 activity location types) at time t, ɛit 
is the error and l=days lagged between mobility measure 
and new COVID-19 cases. Number of tests was low on 
Eid days (religious festivals—indicator variable, E), week-
ends (indicator variable, W) and after the imposing of 
a fee for testing at government facilities (indicator vari-
able, F, lagged by 3 days to account for the test to result 
delay). Three trends, T1, T2 and T3 were added to capture 

Figure 3  Non-pharmaceutical interventions (NPIs) in response to COVID-19 first wave in Bangladesh.
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the three distinct trends (10 April to 2 July, 3 July to 30 
September and 1–31 October 2020) that were observed 
in daily new cases (figure 2). These trends are identified 
based on the abrupt changes in slope direction of the 
daily new cases (online supplemental figure S1). The 
final model is chosen based on model fit (adjusted R2, 
Akaike Information Criterion-AIC, Bayesian Information 
Criterion-BIC), and robust standard errors (SEs) were 
used to tackle potential residual autocorrelation among 
errors. Separate models were estimated for each type of 
mobility measure (i).

Together, these two sets of regressions would estab-
lish (or not) mobility as an important predictor of the 
COVID-19 infections and risk compensation. Although 
it can be argued that daily new cases can also be directly 
regressed against (lags of) various policy interventions 
(including mandatory mask use), that model can point 
to risk compensation only if full compensation or over-
compensation was realised.

RESULTS
Effects of mask mandate on mobility outcome
The estimated ARMA models (1a–1f) and diagnostic 
tests for the six mobility metrics are reported in online 
supplemental table S2. Each of the six mobility metrics in 
models 1a–1f shows a statistically significant divergence 
at 95% or above confidence level between the predicted 
and the actual activities at those locations (table 1, also 
see online supplemental figure S2). Of these, five—retail 
and recreation, grocery and pharmacies, workplaces, 
parks and transit hubs—show larger actual activities after 
the compulsory mask-wearing mandate (smaller reduc-
tion from baseline) than predicted by the model (coun-
terfactual for no mandatory mask intervention). At the 
same time, actual residential activities were statistically 
smaller than predicted values. These six sets of results 
all lead to the same conclusion that out-of-home activ-
ities had increased since the mandatory mask-wearing 
rule. Among the out-of-home activities, activities at work-
places show the smallest divergence between actual and 
predicted values. Given work travel is a necessity, it is 
likely that people started to return to work even before 

mask use was made mandatory. Indeed, the offices were 
already allowed to operate at half capacity from 31 May 
2020 encouraging work travel. As such, the additional 
effect of the mask mandate for work destinations was 
always expected to be less compared with other destina-
tions. On the other hand, retail and recreation, grocery 
and pharmacies, parks and transit hubs show the largest 
divergence between predicted and actual activities—
these often represent discretionary trips which could be 
avoided during the times of emergency like the pandemic 
and therefore had the largest potential to rebound as a 
result of the mask mandate, as the results confirm, too.

Falsification tests are conducted by running new models 
where the date for mandatory mask intervention was 
brought forward by 1 and 3 days as placebos. Differences 
in the 7-day predictions with actual activities for all six 
mobility indicators become statistically insignificant for 
both these cases (online supplemental table S3), showing 
the effects of the actual intervention were not spurious. 
Also, in order to test the robustness of the prediction 
model itself, the data were divided into training, vali-
dation and prediction set (online supplemental table 
S4 and online supplemental figure S3). The model was 
estimated using the training set (2 June to 14 July), vali-
dated using the validation set (14–21 July, which showed 
no systematic divergence) and then used for prediction 
comparison (22–28 July), which again revealed statis-
tically significant divergence between observed and 
predicted mobility measures. This shows that the findings 
are not spurious and suggests a potentially causal effect 
of the mask mandate on mobility.

Effects of mobility measures on COVID-19 infections
Results from models 2a–2f in table 2 show that mobility is 
statistically associated with new COVID-19 cases in Bang-
ladesh, suggesting mobility was indeed a useful metric to 
study risk compensation in this context. A lag of around 
10 days between the mobility metric and new cases best 
fitted the data, which falls within the range observed in the 
literature.19–22 Online supplemental table S5 presents the 
best models obtained by varying lag between the mobility 
metric and new cases, which also show a similar pattern. 

Table 1  Divergence in model-predicted and observed mobility measures for the period between 22 and 28 July 2020

Mobility type as 
dependent variable →

Model: 1a Model: 1b Model: 1c Model: 1d Model: 1e Model: 1f

Retail and 
recreation

Grocery and 
pharmacy Parks Transit stations Workplaces Residential

Observed mean −22.86 −5.57 −14.00 −23.86 −9.29 10.71

Predicted mean −27.09 −10.82 −17.50 −28.12 −11.60 11.60

Difference of mean 
(one-sided 95% CI)

4.23 (2.55 to Inf) 5.25 (4.1 to Inf) 3.5 (2.04 to Inf) 4.26 (2.84 to Inf) 2.31 (0.52 to Inf) −0.89 (−Inf to 
−0.22)

Alternative hypothesis Observed value 
is higher.

Observed value 
is higher.

Observed value is 
higher.

Observed value 
is higher.

Observed value 
is higher.

Observed value 
is lower.

t-statistic
(one-tail p value)

4.87
(0.001)

8.89
(<0.001)

4.67
(0.002)

5.85
(<0.001)

2.5
(0.023)

−2.58
(0.021)

https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
https://dx.doi.org/10.1136/bmjgh-2021-006803
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Despite some concerns about the quality of COVID-19 
infection data in Bangladesh, the results here support 
previous findings on the association between mobility 
and COVID-19 transmission in other countries.18–21

A separate model to quantify the relationship of 
COVID-19 infections with external interventions (such 
as policies or Eid festivals) was also estimated using mask 
mandate as an intervention (online supplemental table 
S6). However, since the impact of the mask mandate 
on infections also depends on the degree and quality 
of adherence to the mask mandate policy, those results 
cannot be interpreted as risk compensation only. Also, 
while the effect of a policy does not appear on a precise 
day (and is rather distributed), lack of disaggregate 
case data prevents us from exploring those effects and 
the lag used can be taken as a mean of that distribution.

DISCUSSION
Risk-compensating hypothesis was originally developed 
by economists while studying the effects of regulations 

to increase motor vehicle safety23 and is closely related 
to the ‘risk homeostasis’ hypothesis in psychology.24 
Together, these hypotheses suggest that people have a 
target level of perceived risk, and they act to keep that 
level of risk constant; as a result, any intervention that 
reduces the risk of an activity may be compensated by 
risk-taking behaviour of another type. This compen-
sating behaviour could reduce (partial compensation) 
or completely nullify (full compensation) the intended 
benefits of the intervention, with practical implications 
for the actual effectiveness of the intervention.

Due to its importance for intervention design in 
practice, risk compensation has attracted significant 
attention among researchers, who study the pres-
ence or absence of the effects in diverse areas. These 
include motor vehicle regulations to improve occu-
pant and non-occupant safety,23 25 helmet regulations 
to improve bicycle rider safety,26 27 human papilloma-
virus vaccination to prevent cervical cancer28 29 and 
pre-exposure prophylaxis to prevent HIV infections.30 

Table 2  Parameter estimates for the association between mobility and COVID-19 infection

Mobility type 
as independent 
variable →

Model: 2a Model: 2b Model: 2c Model: 2d Model: 2e Model: 2f

Retail and 
recreation

Grocery and 
pharmacy Parks Transit stations Workplaces Residences

Parameters ↓
Coefficient
(95% CI)

Coefficient
(95% CI)

Coefficient
(95% CI)

Coefficient
(95% CI)

Coefficient
(95% CI)

Coefficient
(95% CI)

Daily new cases—
lag 1

0.43***
(0.29 to 0.56)

0.41***
(0.28 to 0.55)

0.32***
(0.18 to 0.47)

0.39***
(0.25 to 0.53)

0.46***
(0.33 to 0.6)

0.41***
(0.28 to 0.54)

Mobility—lag 10 7.73**
(0.42 to 15.04)

9.32***
(3.64 to 15)

14.36***
(6.69 to 22.03)

14.3***
(5.4 to 23.19)

0.86
(−3.04 to 4.76)

−35.73***
(−51.57 to −19.89)

Eid_outlier −864.54**
(−1632.87 to −96.22)

−878.81**
(−1618.82 to −138.8)

−906.23***
(−1595.75 to −216.72)

−902.13**
(−1627.45 to −176.81)

−786.9**
(−1569.53 to −4.27)

−845.51**
(−1580.84 to −110.18)

Weekend −160.55***
(−232.53 to −88.56)

−146.2***
(−217.56 to −74.83)

−157.87***
(−224.95 to −90.79)

−152.77***
(−223.61 to −81.94)

−158.79***
(−233.49 to −84.09)

−138.68***
(−210.54 to −66.81)

Free_test_stopped—
lag 3

−429.38***
(−626.44 to −232.33)

−427.33***
(−617.07 to −237.59)

−492.25***
(−687.36 to −297.15)

−411.19***
(−597.23 to −225.16)

−378.59***
(−563.03 to −194.15)

−406.71***
(−590.18 to −223.23)

Trend 1
(1 April to 31 October 
2020)

27.04***
(20.29 to 33.78)

27.17***
(20.52 to 33.82)

33.7***
(26.43 to 40.98)

25.59***
(19.08 to 32.1)

28.1***
(20.05 to 36.15)

25.35***
(18.91 to 31.78)

Trend 2
(3 July to 31 October 
2020)

−41.61***
(−51.44 to −31.78)

−42.47***
(−52.16 to −32.78)

−52.14***
(−63.26 to −41.02)

−43.54***
(−53.41 to −33.67)

−39.81***
(−50.38 to −29.23)

−39.86***
(−48.92 to −30.8)

Trend 3
(1–31 October 2020)

14.85***
(8.62 to 21.07)

13.93***
(8.09 to 19.77)

22.03***
(15.05 to 29.02)

13.26***
(7.49 to 19.02)

12.54***
(6.55 to 18.53)

15.71***
(10.08 to 21.33)

Intercept −275.92
(−890.78 to 338.94)

−362.19*
(−748.47 to 24.09)

−591.9***
(−901.98 to −281.83)

228.75
(−469.65 to 927.16)

−846.68***
(−1297.46 to 
−395.91)

87.97
(−374.79 to 550.73)

Model statistics

 � Observations 204 204 204 204 204 204

 � Adjusted R2 0.9362 0.9380 0.9409 0.9392 0.9345 0.9395

 � AIC 2840.65 2834.93 2825.23 2831.09 2846.08 2829.82

 � Mean Absolute 
Percentage Error-
MAPE (%)

14.0 13.3 14.2 12.5 15.4 13.7

 � Augmented 
Dickey-Fuller test 
statistic (p value)

−4.87
(<0.001)

−6.16
(<0.001)

−5.54
(<0.001)

−6.29
(<0.001)

−6.19
(<0.001)

−3.6
(0.03)

95% CIs of coefficients are shown in the parenthesis.
Dependent variable: daily new cases in Bangladesh.
*Statistically significant at 90% confidence; **statistically significant at 95% confidence; ***statistically significant at 99% confidence.

https://dx.doi.org/10.1136/bmjgh-2021-006803
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Detail discussion of this literature is beyond the scope 
of this research, but reviews by others tend to agree 
that the evidence in favour of the hypothesis is rather 
thin in these areas.29 31–33 This does not necessarily 
prove that risk compensation would be absent in 
other areas, such as mask mandates, since these are 
all very different types of interventions. Indeed, the 
four influencing factors—visibility of the intervention, 
effects on a person, motivation to change behaviour, 
and ability (control) to change behaviour—that have 
been proposed to explain the existence and extent 
of risk-compensating behaviour can be affected very 
differently by different types of interventions.34 As 
Hedlund34 concludes in his well-balanced appraisal 
of risk compensation, ‘Never assume that behaviour 
will not change.’ To this end, concerns have been 
raised about the potential risk-compensating effects of 
COVID-19 vaccination, too.35

More pertinent to this study are six experimental 
studies investigating the effects of face masks for 
managing viral respiratory infections.36–41 These 
studies found that the wearing of masks did not reduce 
the frequency of hand washing or hand sanitising, 
which were taken as measures of risky behaviour. In 
the context of COVID-19, risk-compensating behaviour 
of mask use was not observed in a UK study based on 
a self-reported response to a questionnaire survey.42 
However, none of these studies were designed to elicit 
risk-compensating behaviour. Also, interpreting the 
difference between two groups of people (mask users 
and non-users) at around the same time as changes in 
behaviour pre-mask and post-mask mandate, as done 
in some of these studies,40 41 43 is flawed.

In the mobility and travel space, risk compensation in 
the context of mask mandates for COVID-19 can mani-
fest in different ways, for example, by increasing more 
contact with people, by reducing the distances main-
tained while walking or queueing, or by increasing travel-
related activities in general. At least one study found 
an overall increase in the number of contacts after face 
covering interventions in Denmark, supporting the risk 
compensation hypothesis.44 Two studies did not find 
any reduction in the interpersonal distances in queues 
after the mandatory mask rules in Germany and Italy,45 46 
but another stated preference experiment suggests that 
participants were willing to reduce their walking or 
queueing distances from strangers if either was wearing 
a mask.47 Yet another observational study found mixed 
evidence on distancing in Denmark, depending on the 
type of locations.44 In Bangladesh, the effects of nudges 
and interventions on mask usage and interpersonal 
distances were studied (interpersonal distances increased 
due to nudges), but not directly the risk compensation 
effects of mask mandates.48 At the time of writing, all of 
these studies were not peer reviewed, so it is difficult to 
draw robust conclusions from this literature; however, it 
appears that the evidence is mixed both for number of 
contacts and interpersonal distances.

The only peer-reviewed work on the effects of mask 
mandates on mobility or travel activities supports the 
risk compensation hypothesis.49 That study also used 
location data from smart devices to report an increase 
in the number of visits to public places (restaurants, 
parks, health and personal care, etc) and a reduc-
tion in home-dwelling time in the USA after the 
mask mandate.49 A non-peer-reviewed study analysed 
Google mobility data (similar to the current study) to 
report no such increases in mobility in Germany,50 yet, 
the simultaneity of the mandatory mask policy with 
other policies in that study makes that conclusion less 
reliable. Nonetheless, whether these differences in 
risk compensation exist between countries and what 
drives these differences (eg, methods, data, compli-
ance culture, enforcement strictness, pandemic stage) 
in different regions of the world is an important area 
of future research.

It can be argued that what is measured in this study is 
not risk compensation per se, that is, people in Bangla-
desh did not intentionally increase their mobility because 
masks offered them protection, instead, they may have 
viewed the mask mandate as a sign for returning to some 
form of normalcy. As such the ‘signal’ effect cannot be 
separated from the actual risk-compensating behaviour. 
However, from a policy-making perspective, the distinc-
tion is possibly not very important. What is important is 
whether the mask mandate had increased mobility and 
thus was likely to have reduced at least some of the bene-
fits expected from the mask use rule. The evidence in 
favour of increased mobility, which in turn is correlated 
with increased COVID-19 transmission, is strong—both 
in this study and the only other peer-reviewed work on 
the topic.49

In the context of risk compensation, the more 
important question is ‘not yes or no, but when and how 
much’.34 Public health decision makers will be more 
interested in knowing whether the additional mobility 
(or risky behaviour) is large enough to entirely offset 
the beneficial effects of wearing face coverings. If 
not, the net effect is still beneficial and the manda-
tory mask intervention still remains desirable. On 
the other hand, even if risk compensation is partial, 
in marginal scenarios small increases in mobility (or 
risky behaviour) across the population could be the 
difference between an exponential growth and the 
containment of the pandemic.49 Indeed, our explor-
atory analysis (online supplemental table S6) hints at 
the possibility that inadequately administered mask 
mandates may have nullified the expected benefits of 
mask wearing in Bangladesh. As such, it is important 
that constant nudges and incentives are provided 
to ensure adherence to mask wearing,48 rather than 
simply issuing a mask mandate without robust enforce-
ment and implementation. Further research is also 
needed to precisely quantify the risk compensation 
effects of mask wearing and inadequate implemen-
tation effects of mask mandates in the context of 
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COVID-19 in order to avoid potential overprediction 
of the intended beneficial impacts of mask mandates.
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