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Assessing the Use of Pseudo-panels to Estimate the Value of 

Statistical Life in Developing Countries 

Felipe Vasquez Lavin, Luna Bratti, Sergio Orrego, and Manuel Barrientos* 1 

 

Abstract 

In this paper, we estimate the Value of Statistical Life (VSL) for Chile, Colombia, and the United 

States using a hedonic wage model and a pseudo-panel approach.  The VSL is a major component of cost-

benefit analysis of many policies including public health, transportation safety, and environmental 

regulation. Using pseudo-panels, also known as synthetic cohort data, to estimate the VSL is relevant for 

low- and middle-income countries, because many do not have panel data but do have repeated cross-

sectional information. We conclude that the pseudo-panel approach is a suitable alternative to estimate the 

VSL when panel data is not available.   
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1. Introduction  

The Value of Statistical Life (VSL) is defined as the willingness to pay (WTP) for a 

reduction in the risk of death (Kniesner & Viscusi, 2019; W Kip Viscusi & Aldy, 2003; W. K. 

Viscusi, Huber, & Bell, 2014). It can be estimated using Revealed Preferences (RP) approaches 

with information from the labor market via the hedonic wage model (HWM) (Ashenfelter, 

2006) or information from other market products such as houses, cars, bikes, etc. (Atkinson & 

Halvorsen, 1990; Byl, 2012; Gayer, Hamilton, & Viscusi, 2000; Hakes & Viscusi, 2007; 

Jenkins, Owens, & Wiggins, 2001; Rohlfs, Sullivan, & Kniesner, 2015). Additionally, the VSL 

can be estimated using Stated Preferences (SP) methods such as Contingent Valuation (CV) or 

Choice Experiments (CE) (de Blaeij, Florax, Rietveld, & Verhoef, 2003; Krupnick, et al., 

2002).  The VSL is a major component of cost-benefit analysis of policies related to public 

health, transportation safety, and environmental regulation (DeLeire, Khan, & Timmins, 2013; 

Greenstone, Ryan, & Yankovich, 2012; James K Hammitt, 2000; Kniesner & Viscusi, 2019). 

Kniesner and Viscusi (2019) point out that since the 1980s the VSL has become the most 

relevant economic criterion for the evaluation of policy regulations in the United States, and 

also has been gaining popularity in other countries (W. K. Viscusi & C. Masterman, 2017; W. 

K. Viscusi & C. J. Masterman, 2017).  

The HWM is the most commonly used approach to estimate VSL (Aldy & Viscusi, 

2008; DeLeire, et al., 2013; Kniesner & Viscusi, 2019; Parada‐Contzen, 2019; W Kip Viscusi, 

2008, 2017; W Kip Viscusi & Aldy, 2007; W. K. Viscusi & C. Masterman, 2017; W. K. Viscusi 

& C. J. Masterman, 2017).  Most of the HWM applications have been carried out in developed 

countries, largely in the U.S., with a few studies in the U.K., Canada, and Japan (Baranzini & 

Luzzi, 2001; Cousineau, Lacroix, & Girard, 1992; Kniesner & Viscusi, 2019; Marin & 

Psacharopoulos, 1982; Siebert & Wei, 1994; W Kip Viscusi & Aldy, 2003).  On the other hand, 

SP methods have been used in several countries and contexts (A. Alberini & A. Chiabai, 2007; 

Anna Alberini & Aline Chiabai, 2007; Alberini, Hunt, & Markandya, 2006; F. Carlsson, 

Daruvala, & Jaldell, 2010; Chilton, et al., 2002; Niroomand & Jenkins, 2017; L. I. Rizzi, Maza, 

Cifuentes, & Gomez, 2014).  Kochi, Hubbell, and Kramer (2006) show that the VSL estimates 

from SP methods are significantly lower than the VSL estimates obtained from RP methods.   

 In this paper, we focus on RP methods, in which individuals implicitly reveal 

how much they value mortality risk reduction in their job decisions. The tradeoff between the 

willingness to accept a higher salary as monetary compensation for a higher fatality risk can be 

used to estimate the VSL using a HWM (W Kip Viscusi & Aldy, 2003).  We estimate the VSL 

using a pseudo-panel approach and a HWM for two Latin American countries (Chile and 

Colombia) and the U.S. A pseudo-panel is constructed from a series of independent cross-

sectional surveys following a cohort of the population that share some criteria that remain fixed 
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for all surveys (for instance, year of birth). Using pseudo-panels, also known as synthetic cohort 

data, is relevant for many low- and middle-income countries that do not have panel data 

(Antman & McKenzie, 2007; Dasgupta, Ghosh, Chakravarty, & Datta, 2015; Deaton, 1985; 

Mora & Muro, 2012; Russell & Fraas, 2005; Verbeek & Nijman, 1992), but need to estimate 

the VSL to evaluate different public policies (Robinson, Hammitt, & O’Keeffe, 2019; 

Warunsiri & McNown, 2010).  Although there are no panel data available in many countries, 

repeated cross-sectional surveys tend to be available, with random samples taken from the 

population at consecutive points in time (Verbeek, 2008). Having a suitable approach to 

estimate the VSL in these countries, such as the one suggested in this article, could be a 

significant contribution to policy evaluation (Robinson, et al., 2019).  

The pseudo-panel approach allows us to control for unobserved individual 

heterogeneity through the use of fixed-effect estimation in a manner similar to the estimation 

suggested by Kniesner, Viscusi, Woock, and Ziliak (2012) for panel data. This approach 

minimizes attrition and non-response problems, and reduces the impact of individuals’ response 

errors (Russell & Fraas, 2005; Warunsiri & McNown, 2010).  We include estimation using data 

from the U.S. because there is a large number of articles that have estimated the VSL for this 

country, hence we can compare our results using pseudo-panels with previous estimations in 

the literature.  

Since there are few studies in developing countries, some articles use meta-analysis to 

infer the values of VSL for these developing countries adjusting the estimate using some 

measure of income or wealth (Robinson, et al., 2019). For instance, Miller (2000) does a meta-

analysis using 69 estimates and predicts the VSL for Chile, Argentina, Israel, and Uruguay, 

considering GDP as the explanatory variable. James K. Hammitt and Robinson (2015) and W. 

K. Viscusi and C. J. Masterman (2017) include GDP and income elasticity in the estimation 

and extrapolation of the VSL for many countries.1 

However, the scarcity of estimates of the VSL for developing countries persists. We 

found only three studies of VSL estimations using RP available for Chile.  Parada-Contzen, 

Riquelme-Won, and Vasquez-Lavin (2013) use cross-sectional data for the year 2006 and 

estimate a VSL varying between US$4 and US$12 million depending on the correction of 

endogeneity. Mardones and Riquelme (2018) find a VSL between US$3.4 million and US$4.0 

 
1 There are other meta-analyses in the literature using estimates either from the HWM and labor market risk 

(Bellavance, Dionne, & Lebeau, 2009; Day, 1999; Mrozek & Taylor, 2002; W Kip Viscusi, 2018), or from SP 

using road safety or health risks (de Blaeij, et al., 2003) (Dekker, Brouwer, Hofkes, & Moeltner, 2011). These 

metanalyses show that the VSL depends on population attributes (e.g., income, the reference level of risk, age, 

gender, race, immigrant status, and other cultural and sociodemographic characteristics) (Alberini & Ščasný, 

2011; Andersson & Treich, 2011; Chilton, et al., 2002; Kniesner & Viscusi, 2019; W Kip Viscusi, 2008; W Kip 

Viscusi & Aldy, 2007; Zan & Scharff, 2017), attributes associated with the risk under analysis (cause of death, 

latency, size of the risk change) (James K Hammitt & Liu, 2004), and on perception and attitudes (Andersson & 

Treich, 2011; Fredrik Carlsson, Johansson-Stenman, & Martinsson, 2004). However, none of these specific 

metaanalyses are used to infer the VSL for developing countries.  
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million using the same approach but with data from the year 2013 and a different set of 

instrumental variables.  Finally, Parada‐Contzen (2019) finds a VSL estimate in the range of 

US$0.61 and US$8.68 million using panel data and three waves from 2004 to 2009. We did not 

find any estimate of HWM for Colombia. However, there are several estimates of the VSL in 

Chile and one study in Colombia (unpublished) using SP methods (Hojman, de Dios Ortuzar, 

& Rizzi, 2005; Iragüen & de Dios Ortúzar, 2004; Márquez & Avella, 2012; Ortúzar, Cifuentes, 

& Williams, 2000; J. Ortúzar & L. I. Rizzi, 2007; J. d. D. Ortúzar & L. I. Rizzi, 2007; Luis I 

Rizzi & de Dios Ortúzar, 2003, 2006; L. I. Rizzi, et al., 2014; Luis I Rizzi & Ortúzar, 2006). In 

this article, we focus only on RP applications.   

Finally, for the U.S. we reviewed more than 25 articles in which VSL is estimated using 

RP and the same source of data used in this article (DeLeire, et al., 2013; Olson, 1981; W Kip 

Viscusi, 2003; W Kip Viscusi & Aldy, 2007; W Kip Viscusi & Hersch, 2008; Zan & Scharff, 

2017). Table A1 in the appendix summarizes these VSL estimates. This information is 

compared with our findings in the discussion section. 

We contribute to the literature by assessing the applicability of pseudo-panels to 

estimate the VSL using a HWM.  There is an increasing number of applications of pseudo-

panel estimation using the wage equation to estimate returns to education and earning mobility 

(Antman & McKenzie, 2007; Himaz & Aturupane, 2016; Warunsiri & McNown, 2010). They 

estimate a wage equation, known in the literature of labor economics as the Mincer equation 

(Mincer, 1974). We extend this literature by including fatal risk as an explanatory variable in 

the Mincer equation and then estimate the VSL.  To the best of our knowledge, this is the first 

attempt to apply pseudo-panels techniques to estimate the VSL. 

The paper continues with section 2, which summarizes the pseudo-panel econometrics 

and its application to the HWM. Section 3 presents the data and econometric results. Section 4 

presents a discussion of our estimates.  In section 5, we conclude that the pseudo-panel approach 

seems to be a suitable approach to estimate the VSL.   

2.   Methodology 

2.1  Econometrics of Pseudo-Panels  

Pseudo-panel methods are an alternative to panel data approaches for estimating fixed-

effects models when we only have cross-sectional data (Bernard, Bolduc, & Yameogo, 2011; 

Guillerm, 2017). Moreover, the use of pseudo-panel data can deal with typical problems in 

cross-sectional data such as omitted variable bias and allows one to control for the individuals’ 

dynamics (Verbeek, 2008; Verbeek & Vella, 2005). Deaton (1985) motivates the pseudo-panel 

estimation using a general linear panel model: 
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𝑦𝑖𝑡 = 𝑥𝑖𝑡𝛽 + 𝜃𝑖 + 휀𝑖𝑡,     (1) 

     

where t=1,…,T periods, i=1,…,N individuals, 𝑦𝑖𝑡 is the dependent variable for individual i in 

period t, 𝑥𝑖𝑡 denotes a set of K explanatory variables for individual i in period t, and 휀𝑖𝑡 is an 

error term that is assumed to be uncorrelated with the explanatory variables (𝐸(휀𝑖𝑡|𝑥𝑗𝑡) = 0). 

Finally, 𝜃𝑖 is an individual effect that can be correlated with the explanatory variables and 𝛽 is 

a parameter vector to be estimated. This model is also known as the Least Square Dummy 

Variables (LSDV) (Baltagi, 2008). The correlation between 𝜃𝑖  and the explanatory variables in 

panel data can be handled by estimating the model using the fixed effect (FE) approach (Baltagi, 

2008). If individual effects are not correlated with the explanatory variables, a random 

coefficient (RE) approach can be used; otherwise, RE would lead to inconsistent estimators 

given the correlation structure. In the FE estimator, also known as the within estimator, the data 

are transformed to indicate deviation with respect to the mean of the period. That is, �̃� = 𝑧𝑖𝑡 −

𝑧�̅� with 𝑧�̅� = (1/𝑇) ∑ 𝑧𝑖𝑡
𝑇
𝑡=1 . By working with panel data, the FE approach rules out the 

individual effect by either removing the individual from the time average or by using a set of 

dummy variables for each individual. 

Due to the lack of panel data in many countries, Deaton (1985) identifies an alternative 

estimation using a set of cross-sectional data. He suggests the aggregation of individuals among 

different cohorts, c=1,…,C, at each period t.  Aggregation of all individuals in a cohort provides 

the following relationship: 

�̅�𝑐𝑡 = �̅�𝑐𝑡𝛽 + �̅�𝑐𝑡 + 휀�̅�𝑡,     𝑐 = 1, … , 𝐶;    𝑡 = 1, … , 𝑇             (2) 

Variables with bars are averages of observations in each cohort in each period. Unlike 

equation (1), �̅�𝑐𝑡 in the latter equation depends on time and therefore may be correlated with 

�̅�𝑐𝑡.  If this correlation is neglected and equation (2) is estimated by assuming �̅�𝑐𝑡 = �̅�𝑐 , we will 

generate inconsistent estimators. Deaton considers the version of a population cohort:  

𝑦𝑐𝑡
∗ = 𝑥𝑐𝑡

∗ 𝛽 + 𝜃𝑐 + 휀𝑐𝑡
∗ ,  𝑐 = 1, … , 𝐶;    𝑡 = 1, … , 𝑇    (3)

  

where 𝑦𝑐𝑡
∗  𝑎𝑛𝑑 𝑥𝑐𝑡

∗  are the unobservable cohort population means and 𝜃𝑐  is the cohort fixed 

effect. The basic assumption is that the means �̅�𝑐𝑡 and �̅�𝑐𝑡 are error-ridden measures of the 

population means, and the model can be estimated using an error in variables approach 

(Verbeek & Nijman, 1992, 1993). Deaton (1985) assumes the measurement errors at the cohort 

level are normally distributed:  

(
�̅�𝑐𝑡

�̅�𝑐𝑡
) ~𝑁 ((

𝑦𝑐𝑡
∗

𝑥𝑐𝑡
∗ ) ,

1

𝑛
(

𝜎𝜁
2 𝜎𝜁𝜂

′

𝜎𝜁𝜂 Σ𝜂
)) 
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where 𝑛 is the cohort size. The means and the variance-covariance matrix are estimated using 

micro data and, based on Guillerm (2017), the Deaton’s estimator2 can be written as:  

𝛽𝐷 = (
1

𝐶𝑇
∑ ∑(𝑥𝑐𝑡 − �̅�𝑐)′(𝑥𝑐𝑡 − �̅�𝑐)

𝑇

𝑡=1

𝐶

𝑐=1

− 𝑇
1

𝑛
Σ̂𝜂)

−1

(
1

𝐶𝑇
∑ ∑(𝑥𝑐𝑡 − �̅�𝑐)′(𝑦𝑐𝑡 − �̅�𝑐) − 𝑇

1

𝑛
�̂�𝜁𝜂

𝑇

𝑡=1

𝐶

𝑐=1

) 

Σ̂𝜂 =
1

𝐶𝑇
∑ ∑ Σ̂𝑐𝑡

𝑇
𝑡=1

𝐶
𝑐=1 ,       Σ̂𝑐𝑡 =

1

𝑛−1
∑ (𝑥𝑖𝑡 − �̅�𝑐𝑡)′(𝑥𝑖𝑡 − �̅�𝑐𝑡)𝑖∈𝐶,𝑡  

�̂�𝜁𝜂 =
1

𝐶𝑇
∑ ∑ �̂�𝑐𝑡

𝑇
𝑡=1

𝐶
𝑐=1 ,     �̂�𝑐𝑡 =

1

𝑛−1
∑ (𝑥𝑖𝑡 − �̅�𝑐𝑡)′(𝑦𝑖𝑡 − �̅�𝑐𝑡)𝑖∈𝐶,𝑡      (4) 

Notice that in equation (4), the time means are removed from each variable and that this 

estimator can be reduced to the within estimator if the adjustment by the measurement error 

variance is ignored. That is:  

𝛽𝑊 = (∑ ∑(𝑥𝑐𝑡 − �̅�𝑐)′(𝑥𝑐𝑡 − �̅�𝑐)

𝑇

𝑡=1

𝐶

𝑐=1

)

−1

∑ ∑(𝑥𝑐𝑡 − �̅�𝑐)′(𝑦𝑐𝑡 − �̅�𝑐)

𝑇

𝑡=1

𝐶

𝑐=1

 

All the constants are obtained as 𝜃𝑐 = �̅�𝑐 − �̅�𝑐𝛽𝑊. This approach ignores the 

measurement error which may be empirically relevant in the estimation.  The variance needs to 

be multiplied by the factor (CT-K)/(CT-C-K) (Guillerm, 2017). The estimation can also be done 

using an OLS regression including cohort dummies (Moffitt, 1993). Verbeek and Nijman 

(1992) and Verbeek and Nijman (1993) suggest the following adaptation for the Deaton’s 

estimator:  

𝛽(𝛼) = (∑ ∑(𝑥𝑐𝑡 − �̅�𝑐)′(𝑥𝑐𝑡 − �̅�𝑐) − 𝛼
1

𝑛
Σ̂

𝑇

𝑡=1

𝐶

𝑐=1

)

−1

∑ ∑((𝑥𝑐𝑡 − �̅�𝑐)′(𝑦𝑐𝑡 − �̅�𝑐)

𝑇

𝑡=1

𝐶

𝑐=1

− 𝛼
1

𝑛
�̂�) 

 

(5) 

with 𝛼 equal to (
𝑇−1

𝑇
). The Deaton’s estimator is obtained by assuming 𝛼 equals 1. When T 

approaches infinity, both estimators are similar. Because cohorts will likely vary in size, a 

convenient way to deal with heteroscedasticity is to weight each observation by the squared 

root of the size of the cohort (Deaton, 1985).  

Moffitt (1993) shows that the within estimator, 𝛽𝑊, corresponds to a two-stage least 

square  (2SLS) estimator on individual data, with cohort-time interaction dummies used as 

instruments. Moffitt (1993) points out that grouping can be thought of as an instrumental 

variable procedure. Following this idea, Verbeek (1996) decomposes the individual effect 

𝜃𝑖  into a cohort effect 𝜃𝑐  and an individual deviation 𝑣𝑖  of that effect 𝜃𝑖 = ∑ 𝜃𝑐 𝑑𝑐𝑖 + 𝑣𝑖
𝐶
𝑐= , in 

which 𝑑𝑐𝑖  is a cohort dummy indicating whether the individual is a member of cohort c.  

 
2The variance of this estimator is given in Deaton (1985).  
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Therefore, equation (1) can be written as  𝑦𝑖𝑡 = 𝑥𝑖𝑡𝛽 + 𝜃𝑖 + 휀𝑖𝑡 = 𝑥𝑖𝑡𝛽 + ∑ 𝜃𝑐 𝑑𝑐𝑖 + 𝑣𝑖 +𝐶
𝑐=1

휀𝑖𝑡. Given the possible correlation between 𝑥𝑖𝑡  and 𝑣𝑖, an instrumental variable approach can 

be used to obtain unbiased estimators. The interaction of dummies for each time period 𝐷𝑠𝑡 

(𝐷𝑠𝑡 = 1 𝑖𝑓  s=t and 0 otherwise) and cohort dummies can be used as instruments for 𝑥𝑖𝑡. Moffit 

(1993) includes other instruments defining 𝑥𝑖𝑡 = 𝛿1𝑤𝑖𝑡 + 𝛿2𝑧𝑖 + 𝜇𝑖𝑡 and  𝜃𝑖 = 𝛾𝑧𝑖, 

with 𝑤𝑖𝑡  time-variant explanatory variables and 𝑧𝑖 time-invariant variables, including not only 

cohort but also residential location and years of schooling, among other instruments. 

2.2  Hedonic Wage Equation  

We estimate a hedonic wage equation using a semi-logarithmic linear functional form 

(Heckman, Lochner, & Todd, 2008). We address sample selection bias  (Kniesner, et al., 2012) 

using standard methodologies (i.e. Heckit type model). Sample selection models are widely 

used in applied econometrics (Mora & Muro, 2012), and have been extended to panel data by 

authors such as Wooldridge (1995) and Jensen, Rosholm, and Verner (2001). The correction of 

selection bias is accomplished by including the inverse Mills ratio (imr) as another explanatory 

variable in the regression equation. The imr is defined as the ratio between the standard normal 

probability density function (pdf) (𝜙(𝑧′𝛾)) and the cumulative density function (cdf) 

(Φ(𝑧′𝛾)) evaluated at the argument 𝑧′𝛾 of the selection equation, generally a probit model with 

explanatory variables z and parameters 𝛾.  A pseudo-panel is structured by using several waves 

of socioeconomic surveys.  The individual regression model is: 

ln(𝑤𝑖𝑡) = 𝛾 + 𝜷𝑯𝒊𝒕 + 𝜐𝛿𝑖𝑡 + 𝜏𝜓𝑖𝑡 + 𝛼𝑖𝑡 + 휀𝑖𝑡,   

where ln(𝑤𝑖𝑡) is the natural logarithm of the hourly wage for individual i at time t; 𝑯𝒊𝒕 is a 

matrix of individual characteristics of individual i at time t, including education and experience 

in the Mincer model; 𝛿 is the workplace fatality risk; 𝜓𝑖𝑡 is the inverse Mills ratio corresponding 

to the adjustment for selection bias; 𝛼𝑖𝑡 captures unobserved individual heterogeneity; and 휀 is 

a stochastic term. If 𝛼𝑖𝑡 is correlated with variables in H or with fatal risk, then the estimators 

will be biased. To address this bias, we use the Deaton (1985) pseudo-panel approach with a 

cohort defined as the combination of an individual’s birth year and the economic sector.3 Then 

our model can be written as:  

ln(𝑤𝑖𝑡)̅̅ ̅̅ ̅̅ ̅̅ ̅ = 𝛾 + 𝜷�̅�𝒄𝒕 + 𝜐𝛿�̅�𝑡 + 𝜏�̅�𝑐𝑡 + 𝛼𝑐𝑡 + 휀𝑐𝑡,   𝑐 = 1, … , 𝐶;       𝑡 = 1, … , 𝑇  

 

where ln(𝑤𝑖𝑡)̅̅ ̅̅ ̅̅ ̅̅ ̅ is the mean of the natural logarithm of the hourly wage for cohort c in year t; 

�̅�𝒄𝒕 is a matrix of mean individual characteristics (e.g., years of education, years of potential 

 
3 Our cohort definition is similar to the the criteria follow by Bernard, et al. (2011),  Browning, Deaton, and Irish 

(1985) Fulford (2014) Imai, Annim, Kulkarni, and Gaiha (2014) (Propper, Rees, & Green, 2001) 
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experience, potential experience squared, and the inverse mills ratio); 𝛿�̅�𝑡 is the mean fatality 

risk in the economic sector of the cohort; �̅�𝑐𝑡 is the mean of the Mills ratio for the cohort; 𝛼𝑐𝑡 is 

the mean of the fixed effects for those individuals in cohort c; and 휀 is a stochastic term. Finally, 

𝛾, 𝜷, 𝜐 and 𝜏 are the parameters to be estimated. The VSL is calculated as  𝑉𝑆𝐿𝑡 = �̅�𝑡 ∗ 𝜐 ∗ ℎ ∗

100000, with �̅�𝑡 being the average hourly wage, 𝜐 the parameter associated with the fatality 

risk, h the total working hours per year, and 100000 because fatal rates are presented as “1 in 

100000 people”. 

In many pseudo-panel applications, researchers have used a Fixed Effect estimator (FE), 

which ignores the error in variables adjustment implicit in the Deaton estimator (DE) and the 

Verbeek estimator (VE). The FE estimator is commonly used when the number of observations 

in the cohorts is large  (Bernard, et al., 2011; Dasgupta, et al., 2015; Inoue, 2008; Meng, et al., 

2014). However, Deaton (1985) clarifies that the use of FE provides biased and inefficient 

estimators, because we cannot follow the same person in a pseudo-panel, but the error in 

variable technique allows consistent estimators (Verbeek & Nijman, 1993). DE is always 

consistent but is efficient only if the periods (T) approach infinity. To fix this issue, Verbeek 

and Nijman (1993) suggest the VE estimator.  

3. Data and Econometric Results  

We use publicly available data for three countries: Chile, Colombia and the U.S. The 

data include demographic variables and fatality risk measures. We estimate the VSL for the 

population of working males between 15 and 65 years old. We specify the model with the same 

explanatory variables for the three countries. The dependent variable is the natural logarithm of 

hourly salary, whose nominal values were adjusted to real US$ 2017 values prices. We also 

removed extreme (very low or very high) salaries using the 5% percentile criterion (below the 

5th  percentile and above the 95th percentile are removed). The explanatory variables are years 

of education (EDU), years of work experience4 (EXP), the square of years of work experience 

(EXP2), rate of fatal accidents for the sector (rate), and the inverse mills ratio (imr). The inverse 

Mills ratio is estimated using a probit model to explain participation in the labor market (before 

we collapse the individuals into cohorts), using as explanatory variables gender, years of 

schooling, experience, and experience squared. The inverse Mills ratio is calculated as the ratio 

between the pdf and the cdf.  Based on Deaton (1985) and Guillerm (2017), each variable is 

weighted by the square root of its cohort size.  

We use the individual’s birth year and the economic sector as variables to define the 

cohorts. For example, cohort 1 in Chile is a group of individuals born between 1984 and 1988 

who work in economic sector 1, coded as “agriculture, fishing or forestry”. Taking these cohorts 

as “individuals”, we use the average of the dependent and explanatory variables as the new 

 
4 This variable is calculated as age minus years of schooling then minus 5.  
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variables in the model. To be consistent with the pseudo-panel literature, we consider cohorts 

containing more than 30 individuals. On the other hand, to assign fatality rates, we use the two-

digit industry code to construct our industry groups for Chile and Colombia and the three-digit 

code for the U.S.  

Chile: we use the National Socioeconomic Characterization Survey (CASEN) for the 

years 2003, 2006, 2009, 2011, 2013, and 2015 (the gaps vary between two and three years) to 

obtain demographic variables (age, years of education, employment status, salary, etc.). This 

survey is taken of a representative sample of the population of the country, consisting of around 

250,000 individuals per year (including males and females, and adults and children).  

For fatality rates, we use two sources of information: the Chilean Security Association 

(ACHS for its Spanish acronym), for 2003, 2006 and 2009, and the Social Security 

Superintendence (SUSESO for its Spanish acronym), for 2011, 2013 and 2015. Before 2010, 

the Superintendence did not report fatality rates associated with a workplace, so the only source 

of information was the Chilean Security Association. The economic sectors included in CASEN 

and the sources of information for fatality rates are (1) Agriculture, fishing and forestry; (2) 

Mining; (3) Manufacturing; (4) Utilities; (5) Construction; (6) Wholesale and retail trade; (7) 

Transportation and communication; (8) Services. After constructing the cohorts and averaging 

the variables, we have 60 cohorts present in every year, leaving a total of 360 observations in 

our sample. Table 1 shows descriptive statistics.  

Colombia: we use the Large Comprehensive Household Survey (GEIH) to extract 

demographic variables. This survey is taken on a monthly basis for about 20,000 individuals. 

We use every month in every year over the period 2009-2018 to define our sample, and obtain 

230,000 individuals per year on average which are representative of the main Colombian cities. 

Fatality rates are obtained from the Federation of Colombian Insurers (Fasecolda), for 18 

economic sectors5: (1) Public administration; (2) Agriculture, forestry, and hunting; (3) 

Wholesale and retail trade; (4) Construction ; (5) Education; (6) Utilities; (7) Finance; (8) Hotels 

and restaurants; (9) Manufacturing; (10) Real state; (11) Mining; (13) Fishing; (14) Domestic 

services; (15) Social and personal services; (16) Health; (17) Transportation, warehousing and 

communication. We construct our fatality rates by taking the total number of workers and fatal 

accidents by economic sector. After constructing our cohorts, we obtain a sample of 1,220 

observations with 122 cohorts repeated through 10 years (see Table 1 for details). 

U.S.: we use the Current Population Survey (CPS). This survey is taken as a “mobile 

panel” within four months per year (for only two years for each group). Nonetheless, we treated 

it as cross-sectional, using only one month (March), to be consistent with the pseudo-panel 

approach. We chose March because for this particular month the CPS has a supplement called 

 
5 We do not use the sector 12 “Extraterritorial organizations” because its representation is very low, less than 5 

individuals per year.   
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the Annual Social and Economic Supplement (ASEC), which has detailed labor market 

variables. Unlike Chile and Colombia, for the U.S., we select males between 18 and 64 to be 

consistent with other papers using the same data set. We have a database with more than 

600,000 males between 18 and 64 years old. We get the fatality rates by using the Census of 

Fatal Occupational Injuries (CFOI) with information on the number of fatal accidents for the 

following economic sectors: (1) Agriculture, Forestry and Fishing; (2) Mining; (3)  

Construction; (4) Manufacturing; (5) Wholesale trade; (6) Retail trade; (7) Transportation and 

warehousing; (8) Utilities; (9) Information; (10) Finance and real estate; (11) 

Professional services and business; (12) Education and health; (13) Leisure and hospitality; (14) 

Other services; and (15) Government. Our final database has 108 cohorts, each with more than 

30 individuals and an average hourly salary of around US$24 (in 2017 prices) (see Table 1)  

From Table 1, we can observe a huge difference in the hourly wage rate between these 

three countries, with the lowest value observed in Colombia, followed by Chile (189% higher 

than Colombia), and the U.S. (1400% higher than Colombia). Differences in years of education 

are less significant between Chile and Colombia, with the U.S. having, on average, 3.5 more 

years of education. The Inverse Mills ratio reflects differences in the labor market opportunities 

for individuals in each country, which is also affected by the sample selection approach in each 

country. Regarding fatal rates, the information and grouping of the data differ among countries 

but the main groups of activities are similar (agriculture, mining, construction, etc.). The U.S. 

has the lowest fatality rates in almost all sectors, except for the Agriculture, Forestry, and 

Fishing sector (see Figure 1).  The rate of fatal accidents for the mining sector for Colombia is 

twice the Chilean rate and 3.8 times the U.S. rate. The order of activities from the riskiest to the 

least risky is similar among countries, with the sectors of Mining and Agriculture, Forestry, and 

Fishing leading the statistics, while Services, Education, and financial activities have the lowest 

fatal rates.  
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Table 1: Descriptive Statistics 

  Chile  Colombia  U.S. 

Variables Mean Std. Dev.  Mean Std. Dev.  Mean Std. Dev.  

Hourly wage rate (2017 dollars) 3.69 0.8 1.95 0.63 24.1 18.01 

Log hourly salary 1.3  0.66  3.35  

Education (years) 10.52 1.62 10.2 2.54 13.9 2.9 

Experience (years) 24.54 12.6 24.92 13.62 26.77 8.78 

Experience square  772.8 652.44 822.79 724.22 793.33 486.03 

Inverse Mills ratio 0.34 0.15 0.08 0.03 0.11 0.06 

Age 41.06 11.68 41.13 12.48 46.68 8.36 

Average cohort size  680.21 446.96 2446.24 2400.45 309.39 213.02 

Fatality rates       

Agriculture, forestry and fishing 13.3 4.17 - - 26.6 2.56 

Agriculture, forestry and hunting - - 10.55 2.73 - - 

Fishing - - 19.33 37.64 - - 

Mining 27.04 13.03 60.87 24.44 16.1 4.11 

Manufacturing 7.35 3.68 5.29 1.41 2.32 0.19 

Utilities  10.5 11.86 12.19 5.27 3.25 1.25 

Construction 20.51 9.76 12.95 2.02 19.13 0.57 

Wholesale and retail trade  4.43 2.34 5.71 1.56 - - 

Wholesale trade - - - - 4.87 0.3 

Retail trade  - - - - 2.09 0.2 

Transportation and communication  25.37 7.57 - - - - 

Transport, warehousing and communication - - 14.4 2.91 - - 

Transportation and warehousing  - - - - 14.71 1.04 

Finance (Financial activities) - - 1.71 0.77 1.12 0.14 

Information - - - - 1.65 0.37 

Education - - 1.16 0.73 - - 

Health - - 1.26 0.41 - - 

Educational and health services  - - - - 0.8 0.1 

Hotels and restaurant  - - 1.99 1.52 - - 

Leisure and hospitality  - - - - 2.33 0.24 

Services  3.23 0.88 - - - - 

Domestic services - - 1.72 1.16 - - 

Social services - - 5.18 1.45 - - 

Professional and business services  - - - - 2.94 0.24 

Other services  - - - - 3.04 0.18 

Real estate - - 5.93 1.75 - - 

Public administration (Government) - - 4.1 2.33 2.61 0.17 

Size of the pseudo-panel   360  1220  1008 
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Figure 1:  Fatal rates, number of deaths per 100,000 workers, for selected economic sectors and country.  

 

Table 2 present the pseudo-panel estimation of the VSL using OLS, Fixed effects (FE), 

DEATON (DE), VERBEEK (VE), and MOFFIT1, in which the estimation includes the 

interaction of dummies for each period and cohort dummies as instruments, and MOFITT2, 

which includes other instruments. We include a list of instruments (see Table A2 in the 

appendix) that have been previously used in the literature (number of children, disabilities, 

marital status, nonlabor income, and firm size, among others). Notice that we do not report an 

OLS estimation using dummy per cohort since it provides the same results as the FE model.  

We estimate the models using either all cohorts or just the cohorts that are observed over 

the whole period  (balanced cohort). Based on the estimation process, the VSL varies from 

US$2.21 to US$4.04 million in Chile, from US$0.95 to US$1.54 million in Colombia, and from 

US$15.14 to US$31 million in the U.S. The OLS estimation of the VSL for both Chile and the 

U.S. is about twice the estimation using the FE model. In contrast, for Colombia, the bias goes 

in the opposite direction. The FE estimation seems to capture properly the order of magnitude 

of the VSL in all countries in comparison to previous literature.  
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Table 2: The estimated coefficient associated with the fatal risk variable and VLS estimation 

(US$ million of 2017) for different estimation methods 

 Method                  CHILE            COLOMBIA                   USA 

    Balance cohorts 
            All 

cohorts  Balance cohorts All cohorts Balance cohorts All cohorts 

OLS  Beta 0.0057 0.0058 0.0024 0.0026 0.071 0.0071 

 Std. Err. 0.00082 0.00088 0.00076 0.0007 0.0010 0.0009 

 VSL $4.04 $3.92 $0.96 $0.95 $30.91 $31.09 

        
FE  Beta 0.0032 0.0047 0.0038 0.0033 0.0035* 0.0048 

 Std. Err. 0.0009 0.00098 0.0009 0.0007 0.00186 0.00165 

 VSL $2.28 $3.19 $1.53 $1.18 $15.46 $21.14 

        
DEATON Beta 0.0032 0.0047 0.0038 0.0033 0.00345* 0.0047 

 Std. Err. 0.00085 0.00094 0.00089 0.00071 0.0020 0.00184 

 VSL $2.28 $3.18 $1.54 $1.19 $15.03 $20.78 

        
VERBEEK Beta 0.0032 0.0047 0.0038 0.0033 0.00346* 0.00474 

 Std. Err. 0.00085 0.00094 0.00089 0.00071 0.0020 0.00184 

 VSL $2.28 $3.18 $1.54 $1.19 $15.06 $20.81 

        
MOFFIT 1 Beta 0.005 0.0051 0.0038 0.0042 0.0051* 0.0049* 

 Std. Err. 0.00021 0.00019 0.00033 0.00032 0.00248 0.00289 

 VSL $2.98 $3.17 $1.09 $1.20 $22.50 $21.96 

        
MOFFIT 2 (+ IV) Beta 0.0038 0.004 0.0038 0.0042 0.0051* 0.0049* 

 Std. Err. 0.00044 0.00041 0.00033 0.00032 0.00248 0.00289 

  VSL $2.21 $2.45 $1.09 $1.20 $22.50 $21.95 

* Statistically significant at the 10% level. All the other values are statistically significant at the 5% level or 

lower.  

  There is not a statistically significant difference between the FE and the DE or the VE 

estimator for any country.  The huge difference in the VSL between the U.S. and the other two 

countries is explained by the observed difference in the average hourly wage. The fatality rate 

coefficient estimated for the balanced cohorts for the U.S. (0.0035) is lower than the estimated 

coefficient for Colombia (0.0038), but slightly higher than the estimated coefficient for Chile 

(0.0032). But the average salary in the US is 1400% higher than the Colombian value. Also, 

the Moffit estimates are similar in all cases to the FE, DE, or VE estimates, except for one case 

(US balanced cohorts).  By and large, it seems that using FE pseudo-panels is a safe decision 

in all countries and that balancing the cohorts provides more conservative estimates in general.  

4. Discussion 

Our estimated VSL for Chile is lower than previous VSL estimates using cross-sectional 

data with and without instrumental variables (and HWM). For instance, Parada et al. (2013) 

found VSL estimates that range from US$4.8 million using an OLS regression, and around 

US$14.6 million using an instrumental variable approach and data from CASEN for the year 

20096. Mardones and Riquelme (2018), using data from CASEN for the year 2013 and other 

 
6 All values for Chile are in 2017 dollars. 
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instruments, found a mean VSL of US$4.5 million. More recently, Parada‐Contzen (2019) 

reports a VSL of US$3.55 million for a full sample including both risk-averse and non-risk 

averse people, using a three-year panel (2004, 2006 and 2009). She also reports VSL estimates 

of US$2.62 and US$2.97 million for risk-averse people. Our estimated VSL using balanced 

cohorts is US$2.28 million and US$ 2.21 million when we use the Moffit approach and the 

same instruments as Parada‐Contzen (2019) and Mardones and Riquelme (2018). The 

unbalanced panel provides values that are closer to previous estimates. We think that the 

pseudo-panel approach is more appropriate than cross-sectional estimation because it allows us 

to control for individual heterogeneity, as in a panel estimation. Therefore, we observe that the 

use of cross-sectional data overestimates the VSL in comparison to the pseudo-panel approach. 

The results in Colombia seem to be consistent with a low-income country. Lack of 

previous estimates using either RP or SP preferences prevent us from doing a comparison with 

results from other applications. Benefit transfer approaches to estimate VSL for Latin American 

countries adjusting by GDP report a VSL of US$0.78 million (2017 values) for Colombia 

(Mardones & Riquelme, 2018). These authors also provide a VSL for Chile which is 47.5% 

lower than their direct estimation using RP. Applying the same percentage of 47.5% to adjust 

their Colombian estimation would give a value of US$1.46 million, which is much closer to 

our estimates. W. K. Viscusi and C. J. Masterman (2017), using CFOI data and adjusting by 

income elasticity, calculate a VSL of US$1.2 million for Colombia and $2.426 million for 

Chile. These results are remarkably similar to our estimation using pseudo-panel data.  

For the U.S., we found 25 articles estimating the VSL using RP and the CPS (DeLeire, 

et al., 2013; Gentry & Viscusi, 2016; Olson, 1981; W Kip Viscusi, 2003; W Kip Viscusi & 

Aldy, 2007; W Kip Viscusi & Hersch, 2008; Zan & Scharff, 2017). Table A1 in the appendix 

summarizes studies published after the year 2000, which provides information on the mean 

wage rate (or information from which that can be calculated), the risk coefficient, and the 

estimated VSL (2017 values). Besides the VSL, we think that it is relevant to compare the real 

wage per hour and the estimated coefficient of the fatality rate in previous studies with ours 

values. W Kip Viscusi (2003) uses data over the period 1992-1997 and estimates a VSL of 

US$20 million for white Americans, and a VSL of US$25 million for only males. The estimated 

coefficient for the fatal risk variable is 0.0053, which is higher than our estimates, and an 

average hourly salary of US$18.91, significantly lower than our US$24. Therefore, our 

estimates are more conservative than his findings using the same dataset. W Kip Viscusi and 

Aldy (2007) estimate the VSL for different age groups using the CPS for the year 1998. The 

hourly wage rate varies between US$11 and US$20 (mean of US$17), and the risk coefficient 

fluctuates between 0.001 and 0.005 (mean of 0.00306). Their VSL range is US$5.4-US$17.5 

million (mean of US$10.29). Considering their average wage rate and our risk coefficient 

estimates would provide a VSL between US$11.9 and US$15.9 million.  In other words, our 

estimate is in the range of their results because the difference is explained by the (expected) 
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increase in the real salary.  DeLeire, et al. (2013) use an extreme quantile estimator and find a 

VSL ranging between US$11.4 and US$24.7 million, with an average hourly wage of only 

US$13.88. Black and Kniesner (2003) find values of VSL between US$4.34 and US$32.33 

million, with an average hourly wage of US$14.32.   

There are also estimates using the CPS that provide lower VSL estimates in the U.S. 

For instance, W Kip Viscusi and Hersch (2008) use data from 1995 to 2002 and estimate a VSL 

of US$10.4 million, with a coefficient for fatality risk of 0.0022 for nonsmokers, and 0.026 for 

smokers, and an hourly wage between US$19.71 and US$23.58. Aldy and Viscusi (2008) 

provide estimations for different age groups, with values from US$5.24 to US$14.75 million, 

and coefficients for fatal risk in the range of 0.013 and 0.0043, with a value of 0.036 for the 35-

44 age group. Once again, most of the difference with our results are explained by their lower 

wage rate, which is between US$2.05 and US$16.74. Recently, Gentry and Viscusi (2016) 

estimate a VSL of US$11.95 million, a coefficient for fatality risk of 0.00304, and a mean 

hourly wage of US$19.55. 

Furthermore, Hersch and Viscusi (2010) find a coefficient for the fatality risk of 0.036, 

similar to our estimate in the balanced cohort FE model, and a VSL of US$13.62 for non-

immigrant individuals, using an hourly wage rate of US$18.12. More recently, Zan and Scharff 

(2017), using the CPS over the period 2000-2008, and an average wage rate of US$21, find an 

average VSL of US$10.59, and a coefficient for fatal risk of 0.00254. However, VSL varies 

from US$4.33 to US$30.15 (average of US$15.43 million) for different regions of the U.S., and 

the coefficient for fatal risk ranges from 0.00115-0.00709, with an average of 0.003372 – very 

similar to our estimate.  Finally, W Kip Viscusi (2004) estimates around 76 different values for 

the VSL, with a mean of US$12.53 (range US$0.85-US$27.33), and a coefficient for fatal risk 

in the range of  0.004 and 0.1, with mean of 0.0235 and median of 0.066.  

In Figure 1A in the appendix, we plot the mean wage rate, the coefficient for fatal risk, 

and the wage rate used to calculate the VSL using HWM and the CPS dataset.  While the plots 

in the upper panel (a, b, and c) show results from the full set of articles, the plots in the lower 

panel (d, e, and f) show results for those studies that use the panel CPS. The vertical line 

indicates the location of our estimates.  

5. Conclusion 

Our estimated coefficients are in the middle of the distribution, inside the interval of the 

most common estimates reported in the reviewed literature and using the CPS dataset. Our VSL 

and wage rate are in the upper tail of their respective distributions. In other words, most of the 

difference between our results and previous literature can be attributed to differences in the 

wage rate used to calculate the VSL. Our results are, on average, similar to previous estimation 

using both the cross-sectional and the panel version of the CPS.  In other words, they are not 
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disproportionality higher or lower than previous estimations, leading us to conclude that 

pseudo-panels seem to be a suitable approach to estimate VSL in countries where panel data is 

not available.  

We are not suggesting that pseudo-panels should substitute for panel data estimation 

when the latter dataset is available. On the contrary, researchers should always take advantage 

of the many options provided for panel data to estimate the VSL, as Kniesner, et al. (2012) 

point out.  Our article shows that, for the U.S., the pseudo-panel approach provides estimates 

that are at least not worse than many of the estimations provided by the literature using the same 

data sources. The same results are found using Chilean and Colombian data, but good 

comparisons with previous literature are not possible due to the lack of applications using RP 

in those countries.   

Since the use of the VSL in public policy has become a common practice even in 

developing countries where panel data are not easily available, our study contributes with a 

suitable estimation strategy that can deal with typical problems presented in cross-sectional 

data, such as omitted variable bias, and allows for the control of individuals’ dynamics 

(Verbeek, 2008; Verbeek & Vella, 2005). Moreover, pseudo-panel estimation provides the 

VSL, which is  useful for public policy evaluation in countries where the VSL can not be 

obtained from panel data.  
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Appendix 

Table A1:  Hourly Wage Rate, Coefficient of Fatality Rate and VSL (2017 values) for 

Articles using the CPS 

Authors 
Wage rate  Coefficient VSL ($)  Comments 

Viscusi 2003 
$18.91 0.0053 $19.99 Full Sample  

$18.91 0.00497 $25.05 Males 

Viscusi and Aldy 2007  
$11.24 0.00528 $11.87 Age 18-24  

$16.57 0.00484 $16.04 Age 25-34  

$19.49 0.0045 $17.54 Age 35-44  

$20.29 0.00274 $11.12 Age 45-54  

$19.77 0.00211 $8.34 Age 55-62  

$11.25 0.00408 $9.18 Age 18-24  

$16.61 0.00288 $9.57 Age 25-34  

$19.51 0.00328 $12.80 Age 35-44  

$20.30 0.0019 $7.72 Age 45-54  

$19.79 0.00137 $5.42 Age 55-62  

$11.23 0.00346 $7.77 Age 18-24  

$16.58 0.00389 $12.90 Age 25-34  

$19.46 0.00279 $10.86 Age 35-44  

$20.28 0.00305 $12.37 Age 45-54  

$19.75 0.00374 $14.78 Age 55-62  

$11.24 0.00323 $7.26 Age 18-24  

$16.54 0.00191 $6.32 Age 25-34  

$19.48 0.00167 $6.51 Age 35-44  

$20.26 0.00222 $9.00 Age 45-54 

  
$19.77 0.00216 $8.54 Age 

Deleire, Shakeeb and Timmins 2013 
$13.89 0.0067517 $19.73  

Viscusi and Hersch  2008 
$23.91 0.0022 $10.52 Nonsmokers full sample  

$27.53 0.0022 $12.11 nonsmokers-males  

$20.54 0.0022 $9.04 nonsmokers-females  

$20.04 0.0026 $10.42 smokers-full-sample  

$22.28 0.0026 $11.59 smokers-males 

  
$17.41 0.0026 $9.05 smokers-females 

Hersch and Viscusi 2010 
$18.91 0.0036 $3.04 IND-Inmig natives (age control)  

$1.68 0.0036 $1.21 IND-inmig inmigrants (age control)  

$18.90 0.0035 $13.23 IND natives  

$6.93 -0.0035 -$4.85 IND inmigrant  

$18.91 0.0036 $13.62 IND-Inmig natives  

$0.09 0.0036 $0.07 IND-inmig inmigrants  

$18.91 0.0031 $11.73 IND-OCC 

  
$6.86 0.0031 $4.25 IND-OCC 

Zan and Scharff, 2017 
$20.59 0.00254 $10.46 Full sample  

$22.33 0.00372 $16.61 New England 
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$21.94 0.0022 $9.65 Middle Atlantic  

$20.64 0.00454 $18.74 East North Central  

$19.93 0.00608 $24.24 West North Central  

$20.67 0.00348 $14.39 South Atlantic  

$18.81 0.00115 $4.33 East South Central  

$18.43 0.00271 $9.99 West South Central  

$19.57 0.00275 $10.77 Mountain  

$17.90 0.00709 $25.39 Pacific 

  
$20.59 0.00237 $9.76 Full sample imputed risk values 

Aldy and Viscusi 2007  
$10.20 0.0028 $5.71 18-24  

$16.74 0.0043 $14.40 25-34  

$2.05 0.036 $14.75 35-44  

$21.25 0.0029 $12.32 45-54 

  
$2.01 0.013 $5.24 55-62 

Gentry and Viscusi 2016 
$20.15 0.00304 $11.95 Death-within-a-day  

$19.42 0.0017 $6.60 Death-within-a-day with non-fatal risk  

$19.55 0.00267 $10.44 All deaths 
  

$19.50 0.00153 $5.97 All deaths with non-fatal risk 

Kniesner and Viscusi 2005 
$21.29 0.0017 $7.24 full sample  

$22.02 0.0012 $5.28 full sample  

$20.97 0.0013 $5.45 full sample  

$23.05 0.0016 $7.38 males   

$23.61 0.0012 $5.67 males 

  
$37.70 0.0008 $6.03 males  

Viscusi,  2004 
OCC-IND RATES  

Log wage and 1992-1997 death risk  

$19.68 0.0017 $6.69 Full sample  

$19.79 0.0032 $12.67 full sample without nonfatal risk  

$21.80 0.0016 $6.97 Males   

$21.59 0.003 $12.95 Males without nonfatal risk  

$1.73 -0.007 -$2.42 Females  

$17.79 0.0006 $2.14 Females without nonfatal risk  

$18.45 0.0027 $9.96 Blue collar Males  

$18.47 0.0037 $13.67 Blue collar Males without nonfatal risk  

$12.87 0.0047 $12.10 Blue collar Females  

$12.83 0.0061 $15.66 Blue collar females without nonfatal risk  

   Log wage and 1997 death risk  

$19.93 0.0015 $5.98 Full sample  

$19.98 0.0026 $10.39 Full sample without nonfatal risk  

$21.86 0.0014 $6.12 Males  

$21.65 0.0024 $10.39 Males without nonfatal risk  

$17.79 0.0004 $1.42 Females  

$17.47 0.0011 $3.84 Females without nonfatal risk  

$18.44 0.0022 $8.11 Blue collar male 
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$18.50 0.003 $11.10 Blue collar Males without nonfatal risk  

$12.77 0.0039 $9.96 Blue collar Female  

$12.78 0.0049 $12.53 Blue collar female without nonfatal risk  

IND RATES  

1992-1997 death risk  

$19.77 0.0036 $14.23 Full sample  

$19.85 0.0052 $20.64 full sample without nonfatal risk  

$21.57 0.0032 $13.81 Males   

$21.65 0.0048 $20.78 Males without nonfatal risk  

$17.69 0.0035 $12.38 Females  

$17.71 0.0041 $14.52 Females without nonfatal risk  

$18.39 0.0036 $13.24 Blue collar Males  

$18.45 0.0049 $18.08 Blue collar Males without nonfatal risk  

$12.89 0.0037 $9.54 Blue collar Females  

$12.83 0.0071 $18.22 Blue collar females without nonfatal risk  

   Log wage and 1997 death risk  

$19.93 0.0035 $13.95 Full sample  

$19.93 0.005 $19.93 Full sample without nonfatal risk  

$21.57 0.0032 $13.81 Males  

$21.66 0.0046 $19.93 Males without nonfatal risk  

$17.79 0.0034 $12.10 Females  

$17.71 0.0041 $14.52 Females without nonfatal risk  

$18.47 0.0037 $13.67 Blue collar male  

$18.39 0.0048 $17.65 Blue collar Males without nonfatal risk  

$12.88 0.0042 $10.82 Blue collar Female 
  

$12.81 0.0075 $19.22 Blue collar female without nonfatal risk 

Max 
$37.70 $0.0360 $25.39  

Min 
$0.09 $0.0004 -$4.85  

median 
$19.46 $0.0031 $10.77  

Mode 
$17.79 $0.0036 $9.96  
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Table A2:  Instruments Used in the Literature and Availability in Each Country  

 Chile  Colombia  USA 

Number of children under 6  √ √ √ 

Married (dummy)   √ √     √ 

Living with a partner  (dummy)   √ √ √ 

schooling of the spouse (years) √ √ √ 

if the spouse works (dummy)   √ √ √ 

Number of dependents  √ √ √ 

Household size √ √     √ 

Non-labor income  √  √ 

Firm size   √ √  
The proportion of large firms by economic sector       √ √  
the proportion of medium firms by economic sector √ √  
the proportion of small firms by economic sector  √ √  
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Figure 1A: Hourly Wage Rate, Coefficients of Fatality rate and VSL (US$ 2017) 
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a) Wage Rate Full Sample (US$)                   b) Coefficients full sample                               c) VSL (US$ million) 

                                                                                           
 
 
 
 
 
 
 
 
 
 
       
 
 

d) Wage Rate Rotation Panel (US$)         e) Coefficients Rotation Panel                                     f) VSL Rotation Panel (US$ Million) 

 

 
  


