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Compliance and trust

• Compliance is the correspondence between policies to contain the 
spread of Covid-19 and people’s behaviors;

• How to increase compliance?

• The role of trust (in others and in institutions):

• Public policies are individually and socially costly, and their psychological toll 
increases with the stringency and length of containment policies;

• Enforcing containment measures on a uncooperative population entails high 
social and economic costs.



Compliance is difficult to observe

• direct observation of behavior or 
practice;

• self-reports (usually collected through 
surveys);

• indirect calculation;

• survey experiments (list of activities).



Our contribution

• We develop a time-varying measure of compliance for the U.K., 
Belgium, Luxembourg, Germany, France, Spain, Italy (7 European 
countries), and Australia, New Zealand and South Africa;

• We develop a daily measure of trust in others and institutions for the 
same countries using emotion analysis applied to Tweets;

• We check whether the changes in trust predict changes in compliance 
within country during 2020.



Our result in brief
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Our measure of compliance



The model

𝑟𝑒𝑠𝑐𝑡 = 𝛼 + 𝛽𝑐𝑚 ∗ 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑐 ∗ 𝑀𝑜𝑛𝑡ℎ𝑚 ∗ 𝑃𝑜𝑙𝑖𝑐𝑦𝑐𝑡 + 𝑐 + 𝜆𝑤𝑠 + 𝜖𝑐𝑡

• 𝑟𝑒𝑠𝑐𝑡 is residential mobility for country c in time t (days) obtained from 
Google Mobility reports (Google 2020);

• Policyct is measured using the Stringency Index from the Oxford Policy 
Tracker (Hale et al., 2020);

• 𝛽𝑐𝑚 is the correlation between residential mobility and 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑐 ∗
𝑀𝑜𝑛𝑡ℎ𝑚 ∗ 𝑃𝑜𝑙𝑖𝑐𝑦𝑐𝑡;

• 𝑐 are country fixed effects, and 𝜆𝑤𝑠 are week dummies by hemisphere.
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Measuring trust using Twitter



Merged with: 
Covid-19 data;

Oxford Covid-19 
Government
Response Tracker;

Google Mobility
Data.

Emotion analysis
(Text Data Analysis)



Our measure of trust

We use the National Research Council of Canada Emotion Lexicon to code and 
analyze the underlying tweets' emotions;

1. The lexicon identifies trust based on how it is commonly used in English:

• data-base of how specific words evoke trust. Respondents are primed to think about faith 
and integrity as strongly associated with trust. 

• Each tweet attracts a value for trust on a scale from 0 "no trust" detected to 10 "a high 
level of trust”.

• a proxy of generalized trust, defined us ``a person’s belief that another person or 
institution will act consistently with their expectations of positive behaviour’’ (OECD, 
2017b). 

2. To derive the time-series data, we average the daily score of the specific 
emotion per country per day.



Examples of coding tweets for emotions



Method



Estimating compliance

𝐶𝑜𝑚𝑝𝑙𝑐𝑚 = 𝛼 + 𝜌𝐶𝑜𝑚𝑝𝑙𝑐𝑚−1 + 𝛽𝑇𝑟𝑢𝑠𝑡𝑐𝑚−1 + 𝐼𝐻𝑆(𝑛𝑒𝑤𝑐𝑎𝑠𝑒𝑠)𝑐𝑚 + 𝑚 + 𝑐 + 휀𝑐𝑚

• 𝐶𝑜𝑚𝑝𝑙𝑐𝑚 is compliance for country c in month m;

• 𝑇𝑟𝑢𝑠𝑡𝑐𝑚−1 is trust lagged one period;

• 𝐼𝐻𝑆(𝑛𝑒𝑤𝑐𝑎𝑠𝑒𝑠)𝑐𝑚 is the inverse hyperbolic spline of confirmed new COVID-19 cases per 
million in population, by country and month.



Four methods to estimate compliance

𝐶𝑜𝑚𝑝𝑙𝑐𝑚 = 𝛼 + 𝜌𝐶𝑜𝑚𝑝𝑙𝑐𝑚−1 + 𝛽𝑇𝑟𝑢𝑠𝑡𝑐𝑚−1 + 𝛾𝐼𝐻𝑆(𝑛𝑒𝑤𝑐𝑎𝑠𝑒𝑠)𝑐𝑚 + 𝑚 + 𝑐 + 휀𝑐𝑚

• (1) DOLS for dynamic ordinary least squares and (2) FE models; 

Estimates from the FE and DOLS models should bound the true relationship (Angrist and Pischke
2009 p. 184);

• (3) Anderson and Hsiao (1981);

∆𝐶𝑜𝑚𝑝𝑙𝑐𝑚= 𝑝∆𝐶𝑜𝑚𝑝𝑙𝑐𝑚−1 + 𝜂∆𝑇𝑟𝑢𝑠𝑡𝑐𝑚−1 + 𝛿∆𝐼𝐻𝑆(𝑛𝑒𝑤𝑐𝑎𝑠𝑒𝑠)𝑐𝑚 + ∆𝜆𝑚 + ∆휀𝑐𝑚

• (4) Arellano and Bond (1991)



Does trust predict compliance?



Dyamic OLS and FE models
Variables OLS DOLS FE DOLS FE

Lag Trust 0.055* 0.012 0.113** 0.026* 0.201***

[0.090] [0.228] [0.033] [0.060] [0.007]

Lag Nat. Trust -0.007 -0.055

[0.141] [0.129]

Lag Compliance 0.797*** 0.799

[0.000] [0.000]

IHS New Cases 0.029** 0.014** 0.017 0.015*** 0.018

[0.016] [0.010] [0.202] [0.005] [0.228]

Constant -0.395 -0.169 -0.749 -0.204 -0.852

N 100 100 100 90 90

# of countries 10 10 10 9 9

Adj. R squared 0.292 0.658 0.375 0.671 0.453
Bootstrapped p-values in brackets.



First results

• Trust correlates with compliance over time after controlling for: 

• new positive cases; previous compliance; country fixed effects.

• The coefficient of trust in national institutions is not statistically
different from zero;

• Findings are robust to additional controls for:

• Fear, economic fear, and anticipation.

(Results not shown for brevity.)
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Variables
First stage

Lag Δ Compl.
First stage
Lag Δ trust

First stage
Lag Δ Cases

2SLS
Δ Compl.

A&B
Δ Compl.

Lag2 Compliance -0.337*** 0.179 1.275

Lag2 Δ Compl. -0.130 -0.967 -2.184

Lag2 Trust 0.021** -0.115 -0.651***

Lag2 Δ Trust -0.005 -0.215* -0.409

Lag IHS New Cases 0.014*** -0.014 -0.289***

Lag Δ IHS New Cases -0.002 -0.005 0.556***

Lag Δ Trust 0.149*** 0.059**

Lag Δ Compl. 0.622*** 0.632***

Δ IHS New Cases -0.031* 0.015***

Constant -0.170** 0.786 5.561*** 0.027**

N 80 80 80 80 80

# of countries 10 10 10 10 10

Adj. R squared 0.627 0.090 0.377 -0.399

Kleib. F Stat 6.638

AR1p 0.015

AR2p 0.111



Summary

• The evidence from 5 models suggests more trust leads to more compliance: 

• The effect size is not insubstantial, based on a magnitude of 0.06 

• A one standard deviation increase (0.81) in trust is associated with a 0.05 increase in 
compliance (0.05 = 0.81*0.06)

• Which is a 0.6 standard deviation increase in compliance (1 SD = 0.08)

Table 1 DOLS OLS FE

0.012 0.055* 0.113**

Table 2 A&B 2SLS

0.059** 0.149***



Conclusions

• We use big data to derive novel measures of trust and compliance 
with health policies;

• Compliance with containment policies differs across countries and 
over time;

• Increasing trust over time is associated with greater compliance;

• Trust, obtained from twitter, contains meaningful information, 
predictive of important behavioral outcomes;

• Trust is inherently of value, and contributes to beneficial outcomes. 



Thank you.
Francesco Sarracino

STATEC Research
Francesco.Sarracino@statec.etat.lu



Appendix



Compliance and trust in seven European countries



Compliance and trust in A, NZ, and SA.



Cross country comparison



Validity of our measures



Validity of our measure of compliance

Source: Data are sourced from

Oxford Policy Tracker (Hale et

al., 2020) and Google Mobility

Data (Google, 2020). Non-

compliance is issued from the

paper by Becher et al. (2020)

and Margraf et al. (2020).

R = -0.88 
Significant at 5%
N = 6 observations



Validity of Trust (EVS/WVS)

R = 0.714 
P-values = 0.071
N = 7

Source: Trust is sourced from the 

project “Preferences Through 

Twitter” with the support of FNR, 

UJ and AUT. Survey measures of 

trust are sourced from the World 

Values Survey (2018) - European 

Value Study (2017-2020) 

integrated data. Data for Belgium, 

Luxembourg and South Africa are 

missing.



Trust in national institutions

1. We apply the same procedure as above to a sub-set of Tweets identified by the 
following keywords: 

Government, parliament, ministry, minister, senator, MPs, legislator, political, 
politics, prime minister.

2. We average the daily score per country per day.



Validity of Trust in institutions (Eurobarometer)

R = 0.98 
P-values = 0.000
N = 6

Source: Trust in National 

Institutions is sourced from the 

project “Preferences Through 

Twitter” with the support of FNR, 

UJ and AUT. The share of people 

trusting the government is from 

the Eurobarometer (European 

Commission, 2020), Summer 

2020.



GNH, trust and new positive cases of COVID-19 in 2020.

Note:  Data are presented using seven-day (centered) moving averages.

Source: GNH data (Greyling et al. [15]) and generalised trust are sourced from the project "Preferences Through Twitter" with the 
support of FNR, UJ and AUT. The number of new positive cases of COVID-19 is sourced from OurWorldinData.org.



Keywords used for additional variables



Data: compliance with containment policies

• Policies are measured using the Stringency Index from the Oxford Policy 
Tracker (Hale et al., 2020), which generally reflects restrictions on 
movement 

• Residential mobility, or the relative amount of time staying at home is 
obtained from Google Mobility reports (Google 2020)

• Compliance is estimated as the correlation between policies and mobility 
behavior





Dyamic OLS and FE models: complete results

(1) (2) (3) (4) (5) (6) (7) (8) (9)

OLS DOLS FE DOLS FE DOLS FE DOLS FE

Lag Trust 0.055 0.012 0.113 0.014 0.173 0.026 0.201

[0.090] [0.228] [0.033] [0.249] [0.006] [0.060] [0.007]

Lag Nat. Trust 0.001 -0.016 -0.007 -0.055

[0.858] [0.401] [0.141] [0.129]

Lag Compliance 0.797 0.842 0.798 0.799

[0.000] [0.001] [0.000] [0.000]

IHS New Cases 0.029 0.014 0.017 0.012 0.028 0.016 0.016 0.015 0.018

[0.016] [0.010] [0.202] [0.012] [0.057] [0.017] [0.295] [0.005] [0.228]

Constant -0.395 -0.169 -0.749 -0.087 0.126 -0.182 -1.143 -0.204 -0.852

N 100 100 100 90 90 90 90 90 90

# of Countries 10 10 10 9 9 9 9 9 9

Adj. R Sq. 0.292 0.658 0.375 0.662 0.253 0.670 0.419 0.671 0.453

Bootstrapped p-values in brackets



(1) (2) (3) (4) (5) (6)

DOLS FE DOLS FE DOLS FE

Lag Trust 0.033 0.172 0.017 0.190 0.023 0.070

[0.003] [0.006] [0.366] [0.052] [0.001] [0.044]

Lag Economic Fear -0.017 0.004

[0.006] [0.889]

Lag Anticipation -0.005 -0.122

[0.728] [0.160]

Lag Fear -0.025 0.082

[0.020] [0.126]

Lag Compliance 0.807 0.786 0.837

[0.000] [0.000] [0.000]

IHS New Cases 0.015 0.015 0.014 0.015 0.013 0.017

[0.008] [0.371] [0.010] [0.327] [0.024] [0.217]

Constant -0.236 -1.151 -0.165 -0.529 -0.150 -0.760

N 90 90 100 100 100 100

# of Countries 9 9 10 10 10 10

Adj. R Sq. 0.675 0.412 0.655 0.398 0.660 0.397

Bootstrapped p-values in brackets

Additional controls


