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ABSTRACT 

Body mass index (BMI) is an imperfect measure of body–fat and recent studies provides 

evidence in favour of replacing BMI with waist circumference (WC). Hence, I investigate 

how WC and BMI are associated with employment status in England. I use fifteen rounds 

of the Health Survey for England (1998-2013), which has measures of employment 

status in addition to measured height, weight and WC. WC and BMI were entered as 

continuous variables and obesity as binary variables defined using both WC and BMI. I 

used multivariate models controlling for a set of covariates. I found significant and 

negative associations between both WC and BMI with employment in women. In men, 

the coefficient of WC was significant, but not BMI. In both men and women my findings 

suggest that the association of WC with employment was of greater magnitude, than the 

association between BMI and employment. To explore whether any difference in the 

association was mitigated by conventional instrumental variables methods I reran the 

analysis using the “workhorse” in analyses of BMI and employment. I.e. instrumenting 

for WC and BMI based on WC and BMI of a biological family member. Significant 

endogeneity was detected for both WC and BMI. The finding, that the impact of WC on 

employment was larger than BMI, did not persist in the IV-models. Although the IV 

models found significant impacts of obesity on employment, they were not more 

pronounced when WC was used to measure obesity, compare to BMI.  
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1. Introduction  

The impact of body fat on employment is of increasing interest as obesity and 

overweight have increased sharply in recent decades. Worldwide, the proportion of men 

who were overweight, as measured by Body Mass Index (BMI), increased from 29% in 

1980, to 37% in 2013, and the proportion of women who were overweight increased 

from 30% to 38% (Ng et al., 2014). The prevalence of obesity, measured by BMI, has also 

increased in England and trend data from the Health Survey for England (HSE) has 

shown obesity rising from 13% of men and 16% of women in 1993 to 26% of men and 

24 % of women in 2013 (Moody, 2014). In addition, studies that use other measures of 

body fat than BMI suggests that these trends might be underestimated. For example, 

Elobeid et al. (2007); Ford et al. (2014) have shown that over the last 50 years waist 

circumference (WC) values have increased beyond those expected from BMI increases. 

 

These trends might have severe labour market consequences for a number of reasons. 

First, obesity is a debilitating health condition associated with a wide number of 

diseases, which may preclude the ability to work (NHLBI Obesity Education Initiative, 

1998, Kinge and Morris, 2010). Second, obesity may have an impact on certain 

characteristics, like self-esteem, that might reduce performance in the labour market 

(Komlos et al., 2004, Offer, 2001). Third, there may be discrimination against the obese 

due prejudice and stereotyping by employers (McLean and Moon, 1980, Everett, 1990, 

Pagan and Davila, 1997, Rooth, 2009). However, it is intrinsically difficult to establish 

the impact of obesity on employment status due to the following classic endogeneity 

issues: a) Simultaneity in that employment status might affect obesity. b) Omitted 

variable bias in that unobserved variables, such as time preference (Komlos et al., 2004), 

have an impact on both obesity and employment.  

 

Finally, c) measurement error might be important and a number of authors discuss this 

in studies where self-reported (rather than measured) height and weight are used to 

classify individuals as obese (O’Neill and Sweetman, 2013). However, obesity is a 

concept that refers to excessive fatness (Bjorntorp et al., 2002) and a number of studies 

also find that Body Mass index (BMI), even when based on measured height and weight, 

results in important misclassification of individuals into obesity categories (Cawley, 

2015, O’Neill, 2015). This might be caused BMI being unable to distinguish fat from 
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muscle, bone and other lean body mass (Burkhauser and Cawley, 2008, O’Neill, 2015, 

Johansson et al., 2009), which makes BMI a noisy measure of fatness. The 

misclassification leads to concerns about potential underestimation of the consequences 

of high fat mass (Kragelund and Omland, 2005, Burkhauser and Cawley, 2008, Johansson 

et al., 2009, Mosca, 2013, O’Neill, 2015). 

 

Because of the shortcomings in BMI, a World Health Organisation expert consultation on 

obesity drew attention to the need for other indicators to complement the measurement 

of BMI (WHO, 2000). Consequently, a number of alternative measures have been 

proposed. These include percent body fat estimated using bioelectrical impedance 

analysis (BIA), measures based on WC and Waist to Hip ratio. A recent study by O’Neill 

(2015) provides strong support for using WC to classify obesity. By using BMI, WC and 

BIA to measure obesity he found that WC was superior at classifying obesity. In contrast 

to BMI and BIA, the classification of obesity based on WC exhibited high degrees of 

accuracy in terms of sensitivity and specificity (O’Neill, 2015). 

 

The aim of current analysis is to use an arguably more accurate measure of obesity, WC, 

to study the consequences of fatness on employment outcomes. In addition to more 

correctly classifying people as obese, the impact of WC (compared with BMI) on 

employment may differ for a number of reasons. Firstly, it has greater support in the 

medical literature as it been found that WC outperforms BMI in predicting the health 

risks associated with obesity (Janssen et al., 2004). Second, WC is a stronger predictor of 

all-cause mortality than BMI (Seidell, 2010). Third, WC is the anthropometric measure 

that best predicts the distribution of adipose tissue (Chan et al., 2003). Forth, it is a 

‘visible’ measure of fatness, which might be interpreted by employers, customers or co-

workers as an unattractive physical attribute, and thus affect the probability of 

employment (Johansson et al., 2009).  

 

To examine the impact WC and BMI on employment I used data from fifteen rounds of 

the Health Survey for England (HSE). I used multivariate models controlling for a set of 

covariates and instrumental variable models. I instrumented WC, BMI and obesity using 

genetic variation in weight: the mean WC/BMI of the oldest biological child. This is 

positively correlated with parent’s obesity. However, there might be potential challenges 
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with fulfilling the second requirement for an instrument, which is that it should not itself 

be correlated with the error term in the employment equation. Hence, the potential 

pitfalls with the instrument and how these are mitigated are discussed below.  

 

1.1 Related literature 

Several studies have previously analysed the effect of obesity measured by BMI on 

employment outcomes (Kelly, 2014). For example in the US (Burkhauser and Cawley, 

2008, Cawley, 2004, Cawley, 2000a, Norton and Han, 2008, Sabia and Rees, 2012, Renna 

and Thakur, 2010, Averett and Korenman, 1996, Wada and Tekin, 2010); Canada 

(Larose et al., 2016); China (Shimokawa, 2008); Denmark (Greve, 2008); Finland 

(Johansson et al., 2009, Sarlio-Lähteenkorva and Lahelma, 1999); Germany (Bozoyan 

and Wolbring, 2011); Iceland (Asgeirsdottir, 2011); Sweden (Rooth, 2009, Lundborg et 

al., 2014). In addition, there are a number of cross country studies in Europe (Garcia and 

Quintana-Domeque, 2007, Brunello and d’Hombres, 2007, Atella et al., 2008, Villar and 

Quintana-Domeque, 2009). The results generally indicate poorer labour market 

outcomes for obese women, while the results for men are more mixed.  

 

Two studies use UK data and instrumental variables. Morris (2007) uses two rounds of 

the HSE (1997 and 1998) to investigate the impact of obesity on employment (measured 

as a binary variable). Using both univariate probit and IV regression models it was 

shown a statistically significant negative effect of obesity on employment in both men 

and women. To instrument individual obesity an area level obesity measure was used: 

the prevalence of obesity in the area in which the respondent lives. Lindeboom et al. 

(2010) study the effect of obesity on employment (measured as a binary variable), using 

data from the British National Child Development Study. The results show a significant 

negative association between obesity and employment in both men and women. 

However, in their IV-regression models, using parental obesity as instruments, the 

associations were no longer significant.   

 

To account for simultaneity and omitted variable bias the studies discussed above have 

used econometric techniques like instrumental variable techniques, time-fixed effects 

and sibling-fixed effects. However, surprisingly little focus has been on handling 

measurement error related to the use of BMI for measuring obesity.   
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Four studies included alternative measures of fatness and studies its impact on 

employment (Mosca, 2013, Johansson et al., 2009, Burkhauser and Cawley, 2008, Wada 

and Tekin, 2010). Only two of these have used WC. Mosca (2013) compares the 

associations between BMI, WC and employment (measured as a binary variable) in older 

Irish (aged 50+) individuals using a standard probit model. In women, employment 

probability was significant and negatively associated with both BMI and WC (entered 

linearly). However, the employment elasticity was larger for WC than for BMI.  In men 

no significant associations with employment were found when BMI and WC were 

entered linearly. In both genders, significant and negative associations were found 

between employment and obesity as a categorical variable, defined using both BMI and 

WC. A study by Johansson et al. (2009), examined the associations between obesity and 

employment (measured as a binary variable) in Finland using BMI, WC and BIA. All 

measures of obesity were significant and negatively associated with employment status 

in women, and BIA was significant and negatively associated with men’s employment 

status. When categorical measures of obesity were used, all three measures were 

significant in both men and women. However, Johansson et al. (2009) argues that 

conclusions based WC may differ from conclusions reached by BMI.  

 

Although the studies by Mosca (2013) and Johansson et al. (2009) have used WC to 

mitigate measurement error related to BMI, they have not tried to account for 

simultaneity and omitted variable bias by for example instrumental variables. In 

addition, they have not estimated values that allow direct comparison of the effect of the 

coefficients of WC and BMI on employment. My paper is the first attempt to combine the 

most recent knowledge on measuring obesity using WC, with instrumental variable 

techniques. In addition, I express the coefficients of WC and BMI using methods that 

allow for direct comparisons of their magnitude.  

 

2. Data and variables 

 

2.1 Data source  

The analysis was based on data from sixteen rounds (1998-2013) of the Health Survey 

for England (HSE) (National Centre for Social Research and Department of Epidemiology 
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and Public Health University College London (UCL), 1997 - 2012); 2013 is the most 

recent year of data available.  The HSE is a repeated cross-sectional survey which draws 

a different sample of nationally representative individuals living in England each year. 

The sample was selected using a multi-stage stratified probability sampling design with 

postcode sectors selected at the first stage and household addresses within postcode 

sectors selected at the second stage. Stratification was based on geographical areas and 

not on individual characteristics. 

 

Data from year 2000 was excluded, due to missing values on WC in the population below 

the age of 65. All adults (16+) within the household (up to a maximum of 10) were 

eligible for interview, plus up to 2 children (0-15). The interviewer randomly selected 

the children to interview in a household with more than 2 children. For children aged 0-

12, parents answered on behalf of the child but the child was present. 

 

2.2 Employment outcome 

The employment status was defined using the activity status for last week. I measure 

employment status as a binary variable taking the value one if an individual was 

employed and zero otherwise. 

 

2.3 BMI, WC and obesity measures 

HSE contains height and weight values for all individuals aged 2 and over and waist 

circumference in those aged 11 and over. One useful feature of the HSE is that the WC 

and BMI values are not self-reported, which reduces the likelihood of measurement 

error. Both height and weight were measured at the interview. WC was measured by a 

specially trained nurse two times, and a third measurement was taken if the difference 

between the two first measurements was more than 3 cm.  

 

I use two measures of obesity, based on BMI and on WC. Obesity measured by BMI was 

defined according to World Health Organization guidelines (World Health Organization, 

1995). I measure obesity as a binary variable taking the value one if an individual has a 

BMI > 30 kg/m2 and zero otherwise.  
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Men are classified as being at ‘‘high risk’’ of obesity if their waist circumference exceeds 

102 cm, while for women the threshold is 88 cm (Lean et al., 1995, Lear et al., 2010, 

National Heart Lung and Blood Institute (NHLBI), 2000) and this definition has been 

used by others who compare obesity defined by BMI and WC (O’Neill, 2015, Johansson 

et al., 2009). I measure obesity as a binary variable taking the value one if an individual 

has a WC > 102 cm (men) and WC > 88 cm (women) and zero otherwise. 

 

BMI and WC were entered as continuous variables and obesity as a binary variable 

defined using both BMI and WC.  

 

2.4 Covariates 

I include the following covariates in each regression: age (quadratic function); marital 

status (married/cohabitees/non-married); education qualifications (seven categories); 

ethnicity (white/non-white); Government Office Region (GOR) of residence (nine 

categories); survey year (sixteen categories); number of children (aged 2-15) in 

household (0, 1, 2, 3 or more); number of adults (aged 16+) in household (categorical 

variable: 1-9).  

 

In addition, in the instrumental variable models only, I included the following four 

variables for the child that was used to generate the instrument: age of the child (1 year 

dummy variables); gender of the child. In addition, I include two behaviour variables of 

the child: smoking status of the child (0=never smoked a cigarette, 1=have smoked a 

cigarette, 2=smoking information missing); and, alcohol consumption for the child 

(0=have never had a proper alcoholic drink, 1=have had a proper alcoholic drink, 

2=alcohol information missing). The reason for the inclusion of these variables is 

discussed below.  

 

The analysis was stratified by gender and I follow earlier studies and restrict the 

population to individuals aged 30 to 55 (Johansson et al., 2009). The reason for this was 

that these individuals are most likely to: 1) have finished their education, but still be in 

the labour market (Johansson et al., 2009); 2) have children in the age range 11-25, 

which were used for the instrumental variable approach.  
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2.5 Instrument 

I follow previous studies and use anthropometric measures of a biological relative as an 

instrument for measures of body fat (Cawley, 2004, Cawley and Meyerhoefer, 2012, 

Lindeboom et al., 2010, Kline and Tobias, 2008, Trogdon et al., 2008). The instrument 

was constructed by matching parents with each child (aged 11-25) with a valid height, 

weight and/or WC measurements. From this I produce a variable for the oldest child’s 

WC and the oldest child’s BMI for each individual aged 30-55. I use two different 

instruments:  

1. WC of the oldest biological child: to instrument WC and obesity defined using WC 

2. BMI of the oldest biological child: to instrument BMI and obesity defined using 

BMI 

Importantly, I do not use BMI to instrument WC and vice versa. This means that any 

error in BMI, e.g. high muscle mass, is not used to predict WC. Thus I have one 

dependent variable (employment status), four sets of independent variables (WC, BMI, 

obesity classified using WC and obesity classified using BMI), I run both non-IV and IV 

models; run regressions in the full population and stratify by sex. In total I run 1x4x2x3 

sets of results. In addition to this, I also display results of models where I include both 

WC and WC-squared (or BMI and BMI-squared) as explanatory variables. 

  

2.5.1 The first requirement of an instrument 

The first requirement of an instrument is that it is highly correlated with variables being 

instrumented conditional on the other variables in the model. The WC and BMI of a 

biological relative are powerful instruments because roughly half of the variation in 

weight across people is of genetic origin (Comuzzie and Allison, 1998). To test this I run 

F-tests to check that the instruments exceeds the benchmark value of F=10 (Staiger and 

Stock, 1997).  

 

2.5.2 The second requirement of an instrument  

The second requirement of an instrument is that it must not be correlated with the error 

term in the outcome equation conditional on the other covariates in the model. This will 

not be fulfilled if both the parent and the child’s WC (or BMI) are affected by common 

household environments that are also directly correlated with the parent’s employment 

status. It is difficult to prove no such effect, however a large number of studies do not 
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find any evidence of this (Cawley and Meyerhoefer, 2012, Sørensen et al., 1992, Vogler et 

al., 1995, Maes et al., 1997). This has further support by findings from the UK (Wardle et 

al., 2008). In addition, adoption studies find that the correlation between child and 

biological parents BMI is the same for adoptees as natural children (Vogler et al., 1995), 

which suggest that variation in weight cannot be attributed to shared household 

environments.  

 

To further explore this potential issue I run an OLS regression to explore the association 

between the BMI of parents and their adopted children (N=202). I controlled for the 

same covariates as explained above. The coefficient value was -0.007 and the t-value 

was -0.06. I.e. there was no association between parent and child BMI when the child 

was adopted.  

 

There are also other potential concerns with regards to using genes as instrumental 

variables. First, the instrument must be independent of all potential outcomes and 

potential treatments. This might be an issue if the allocation of genes differs by certain 

socio-demographic characteristics (e.g. ethnicity), and the same characteristics are 

correlated with the outcome variable. To mitigate this I control for a number of 

characteristics including region and ethnicity. Another issue might be that genes that 

affect fat-mass could also affect other characteristics that directly affect employment 

outcomes, and the genes that affect weight may lie next to genes that directly affect 

employment outcomes (Norton and Han, 2008, Cawley et al., 2011, Muramatsu and 

Higuchi, 1995, Guo et al., 2010). If genes that cause obesity are correlated employment 

outcomes through other channels than through obesity, it will violate the second 

requirement for an instrument. To mitigate this effect I control for the behavioural 

health risk variables smoking and alcohol consumption in children, as described above. 

Although, these variables might not capture all risky health behaviour in children, they 

might serve as a proxy for other risky health behaviours. I also experiment with models 

that control for the child’s health status. Finally, I include a number of individual control 

variables. However, like earlier studies that has used this instrument (Cawley, 2004, 

Cawley, 2000b, Cawley and Meyerhoefer, 2012, Kline and Tobias, 2008, Lindeboom et 

al., 2010, Cawley et al., 2015, Brunello and d’Hombres, 2007, Cullinan and Gillespie, 
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2015, Guettabi and Munasib, 2015) I acknowledge this as limitation, which is important 

to keep in mind when interpreting the findings.  

 

3. Analysis and estimation 

I use both multiple probit models, Linear Probability Models (LPM) and IV regression 

methods to estimate the impact of WC, BMI and measures of obesity on employment 

outcomes. I model employment outcomes for individual i as: 

 

Yi = c0 + c1Bi + Xi γ + ui         (1) 

 

where Y is a binary measure of employment outcomes; B is a measure of BMI, WC  or 

obesity; and X is a vector of individual, household and child’s characteristics. u is an 

error term and c and γ are coefficients to be estimated. My primary models were probit 

models and Eq. 1 will produce unbiased estimates of c provided there are no 

endogeneity issues. I perform Hosmer-Lemeshow goodness of fit tests adapted for large 

samples (Paul et al., 2013). I fail to reject this test in each instance indicating that the 

probit function is appropriate. 

 

I also use two IV regression methods depending on whether I estimate the impact of WC 

and BMI as continuous variables or as binary obesity variables. To estimate the impact 

of WC and BMI as continuous variables I use control functions applied using maximum 

likelihood estimation. The first stage is estimated by OLS: 

 

Bi = a0 + a1Zi + Xiα + u1i         (2) 

 

where B is BMI , a, b, α and β are coefficients to be estimated, and Z are instruments that 

are correlated with B but not u1. Based on this model I predict the residuals (û1i) which 

is included as a regressor in the second stage multiple probit model: 

 

Yi* = b0 + b1Bi +Xiβ + b2û1i + u2i        (3) 

 

This model makes few distributional assumptions (Terza et al., 2008), however a 

drawback is that the regressor of interest (in this case WC and BMI) should be 
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continuous (Rothe, 2009). Given that the instrument is valid; this model no longer has 

endogenity problems and an F-test of the residual (b2) is a direct test of endogeneity. 

Under the null hypothesis that the dependent variable (WC or BMI) is exogenous the 

coefficient on the residuals will be zero.  

 

To investigate the impact of obesity as a binary variable I use a recursive bivariate 

probit model based on the following equations: 

 

Bi = a0 + a1Zi + Xiα + μ1i  

Yi* = b0 + b1𝐵𝐵� Ri +Xiβ + μ2i         (4) 

 

where B is an unobserved latent variable, a, b, α and β are coefficients to be estimated, 

and Z are instruments that are correlated with B but not μ1. The coefficient of interest is 

b1. From these equations the correlation between the error terms in the obesity and 

employment equations, Cov[μ1i,μ2i]=ρ, can be estimated. A Wald test of the significance 

of ρ is a direct test of the endogeneity of B in the employment equation. The IV 

regression models use Z to isolate exogenous variation in B and thereby estimate the 

impact of B on Y. The bivariate probit model can be used when both the dependent 

variable and the endogenous explanatory variable are binary (Woolridge, 2002, Jones, 

2007).  

 

I apply survey weights reported in the HSE to each observation. Waist circumference 

was only measured during the nurse visit, and not all respondents participated in this 

part of the survey. To use a comparable sample in the BMI regressions I exclude all of 

those who did not have a nurse visit from the analysis. Hence, in the analysis I have used 

nurse visit weights to take account of non-response to the nurse section of the survey. 

The weights adjust for the fact that different observations have different probabilities of 

participation in the survey and selection for the nurse visit. It is also possible that, due to 

the sampling strategy used in the HSE, observations are independent across Primary 

Sampling Units (PSUs), but not within PSUs. I therefore control for clustered sampling 

within PSUs using unique PSU/year identifiers that produce Huber/White/sandwich 

robust variance estimators that allow for within-group dependence (Kish and Frankel, 

1974).  
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Making comparable coefficients  

I computed elasticity’s and marginal effects, fixing the covariates at their whole sample 

mean values.  However, to make the continuous coefficients based on WC and BMI 

comparable I run a second set of regressions with standardized the coefficients for WC 

and BMI. I standardize the independent variables only (x-standardization), to display the 

relative importance of WC and BMI. The x-standardized coefficients should be 

interpreted as the impact of a 1 standard deviation increase in WC or BMI on 

employment.  

 

Standardized dummy variables makes less sense, hence to quantify the difference in the 

consequences of defining obesity using WC versus BMI, I computed population 

attributable fraction (PAF). The PAF is, in theory, the proportion of cases that would be 

prevented if obesity was eliminated. Hence, I compare the employment outcomes from 

the same model between different scenarios. The first scenario describes the 

employment outcomes if all covariates are as observed (𝑝𝑝0). The second scenario 

describes the employment outcomes if all covariates are as observed except from 

obesity, which is set to zero (𝑝𝑝1). The PAF can be computed by the following formula: 

 

𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑝𝑝0−𝑝𝑝1
𝑝𝑝0

,                     (5) 

 

Theoretically, the PAF show the percentage change in the employment outcome variable 

if obesity is eliminated altogether.  

 

4. Results 

The total number of respondents in the HSE in 1998-2013 (excluding year 2000) was 

220,588. Of these 42,653 were aged 30-55, had valid height, weight and a nurse visit 

where waist measurements were conducted. Table 1 displays summary characteristics 

of the samples. In the IV sample the each individual has a child (aged 11-25), which were 

used to generate the instrument. Thirty five percent of the full population was obese as 

defined by WC, while 25% were obese as defined by BMI. Similar numbers in the IV 

sample was 39% and 27%. Compared with the full sample the IV sample has a higher 
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mean age, lower share with a degree, more non-white, fewer singles, more adults and 

children in the household (Table 1). Hence, there were differences across the samples.  

 

The probit models in the full-sample suggests that one standard deviation increase in 

WC had a greater impact on employment, than one standard deviation increase in BMI, 

in both men and women (Table 2). In the full-sample we also observe that the elasticities 

were higher for WC than for BMI. This suggests that, compared with BMI, a 1% change in 

WC was associated with a larger shift in probability of employment. The difference, 

between the impact of WC and BMI, was especially pronounced in men, as the impact of 

BMI was non-significant and the impact of WC was significant.   

 

Turning to the IV-sample (Table 2), we observe that overall the impact of both BMI and 

WC were more pronounced, compared with the full-sample. However, a similar pattern 

as above was observed. I.e. the impact of WC on employment was more pronounced, 

than the impact of BMI, in both men and women.   

 

Appendix table A.1 show that the instruments are positively associated with both WC 

and BMI in each model and that the F-values were well above conventional 

recommendations (exceeds the benchmark value of F=10 (Staiger and Stock, 1997)). 

Hence, the first requirement for an instrument was fulfilled in each model.  

 

In men the elasticities in the IV models, of the impact of WC and BMI on employment, 

were larger, compared with the probit models (Table 2). The endogeneity tests were 

also significant for both WC and BMI in men, suggesting that the probit models 

underestimate the impact of both WC and BMI on employment. In men the x-

standardized coefficients were now larger for BMI than for WC. In women, a similar 

pattern emerges, where the x-standardized coefficients were larger for BMI. However, 

the IV coefficients were not significant in women, nor were the endogeneity tests.  

 

Table 3 display the impact of the binary obesity variables on employment. Similar 

patterns as for the continuous variables emerge. This means that the impact of obesity, 

defined by WC, was larger than the impact of obesity defined by BMI. I.e. the fraction of 

unemployment (PAF) that could be explained by obesity was larger when WC was used 
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to define obesity compared with BMI, in both men and women. However, as above this 

pattern was not supported by the IV-models. The IV-models also suggest significant 

endogeneity in men for both WC-obesity and BMI-obesity.  

 

While the elasticities reported in Table 2 are informative, they predict the impact of 

changes in WC and BMI near the mean. This can be misleading if the relationship 

between fat-mass and employment is non-linear, as suggested for employment and 

other outcomes like health service use (Roos et al., 2013, Cawley and Meyerhoefer, 2012, 

Kinge and Morris, 2014). I allow for nonlinearity by including WC squared and BMI 

squared and run LPM in the IV-sample (Table 4). I also run IV-LPM modelsb, which 

means that there are two endogenous variables and I need a second instrument. Hence, I 

follow Wooldridge (2010) and include a squared linear prediction of WC based on the 

first stage as an additional instrument (Wooldridge, 2010). Based on these models I 

present x-standardized coefficients (Table 4).  

 

In men, linear WC only seemed to fit the data well, especially in the IV-models (Table 4). 

However, in women the inclusion of a squared term demonstrated a significant non-

linear impact of WC and BMI on employment. This contrasts the findings in Table 2 and 

3, and suggests that there was an impact of both WC and BMI on employment in women; 

however it was U- or J shaped. Hence, there was a negative impact both high and low 

body fat on employment in women.  

 

I also conducted other robustness analyses. First, I ran analyses adjusting for height in 

each regression. Although height in itself was positively associated with employment, 

this had negligible impact on the relationship between WC and employment. The 

coefficients for WC increased slightly, but it did not alter the conclusions. Second, I tried 

numerous versions of the instrument. I tried to include power terms of WC and BMI of 

the child and it did not alter the conclusions. I tried instruments where WC of the child 

was interacted with age and gender of the child. However, it did not alter the findings. 

Third, I ran analyses excluding children with very high and low BMI. Although the 

coefficients of the instrumented BMI became weaker, it did not alter the conclusions. 

Fourth, it ran models with interactions between parent and child variables, which also 

                                                           
b These models are estimated using linear two-stage least squares regressions. 
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did not alter any of the conclusions.  Finally, I ran IV-models where I controlled for the 

health status of the child’s that are used to generate the instrument. I controlled for self-

assessed health (five categories) and number of longstanding illnesses (0, 1, 2, 3 or 

more). Although the coefficients became weaker it did not alter any of the conclusions 

and the IV-analysis still showed significant associations between both WC and BMI with 

employment status.  

 

5. Discussion  

This study demonstrates significant associations between WC and employment in both 

men and women. A high WC was associated with a lower probability of being employed. 

However, my findings also suggest that the relationship between WC and employment 

was non-linear in women, where both high and low body fat has a negative impact on 

employment. By comparing the impact of WC with the impact of BMI on employment, I 

found that the consequence of obesity for employment status was larger when WC was 

used to define obesity than when BMI was used, in both men and women in the 

multivariate models. However, the IV-models did not support this conclusion and 

provided relatively similar estimates of the impact of WC and BMI on employment.  

  

My findings from the multivariate models (not IV-models) suggested that fat mass, 

measured by both WC and BMI was negatively associated with women’s probability of 

being in employment. These results are largely consistent with those of  Mosca (2013), 

Johansson et al. (2009) and Burkhauser and Cawley (2008), who also found negative 

associations between different measures of body fat and employment in women. And 

these studies also found more significant associations between continuous measures of 

body fat and employment in women, compared with men.  

 

My IV-models did not support the finding of a more pronounced effect in women. In the 

IV-models the association between linear measures of fatness and employment in 

women was insignificant. This result is comparable to findings by (Cawley, 2000b). Who 

also found no significant impact of BMI on female labour market limitations, in an 

instrumental variable model using biological children’s BMI as instruments. However, 

my study further contributes to these findings by demonstrating significant non-linear 

associations between body fat and employment in women in the IV-models. 
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The results for men suggested that the association between linear WC and employment 

was significant and negative in the multivariate probit models. However, the association 

between linear BMI and employment was not significant in the probit models. This is 

similar to Johansson et al. (2009), who found significant negative associations between 

WC and employment in men. However, their association between BMI and employment 

was not significant. Analogous findings were also done by Burkhauser and Cawley 

(2008) when they compared the associations of BMI and percent body fat (measured by 

BIA) with employment status in men. I.e. BMI was not significant. Mosca (2013) did also 

not find significant association between BMI and employment in older Irish men. In 

addition, Mosca (2013) did not find significant associations between linear WC and 

employment in men.  

 

My findings further contribute to earlier literature in several respects. Firstly, by 

calculating standardized coefficients and PAF I demonstrate that the impact of WC on 

employment was larger than when BMI was used to measure fatness, in the non-IV 

models. Second, I had a large sample size and found significant results of both measures 

of fatness (WC and BMI), in both men and women. Third, I explored quadratic functions 

of continuous WC and BMI, and found it to be better at predicting employment 

probability in women. Fourth, I run IV-regressions, which allows for comparison with 

earlier IV-studies. Fifth, my finding suggests that the IV-models might mitigate the 

measurement error of using BMI (based on measures height and weight). 

 

What might account for the finding that the IV-regression methods, using biological 

children as instruments, might mitigate the measurement error associated with BMI? 

BMI is criticised for not distinguishing fat from muscle, bone and other lean body mass 

(Burkhauser and Cawley, 2008). It is body fat that independently predict ill health, thus 

BMI introduces noise and as a result BMI overestimates fatness among those who are 

muscular (Prentice and Jebb, 2001). Although both body fat and muscles might be 

genetically determined in a similar regard, children and young adults might not have 

developed muscles yet. As I use children and young adults as instrument, this might 

mitigate the measurement error related to muscles. In addition, if muscles were less 
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genetically determined, than fat, it could explain my findings.  However, further research 

is needed. 

 

When interpreting the findings it is important to recognise that this study has 

limitations. First, because of the instrument used in the IV models, I was forced to limit 

the IV-sample to adults with a biological child between the ages of 11-25. As a result the 

IV-results may not generalize to the entire population. When comparing the results in 

the IV-population with the results in the full population I observe some differences. 

Second, it is important to recognise potential limitations regarding the validity of the 

instruments. The identifying assumption is that weight of a biological child is strongly 

correlated with the respondent’s weight, but uncorrelated with residual employment 

outcomes. As discussed above, a large literature supports a strong genetic component to 

weight, and that any similarity in weight due to shared environment is non existing or 

very small. However, another potential issue is that the genes that are correlated with 

obesity are also correlated with other behaviour that directly affects residual 

employment outcomes. A range of control variables are included, however I am not able 

to control for everything and like previous literature (Kline and Tobias, 2008, Cawley, 

2004), I acknowledge this as a potential limitation.  

 

To conclude, the findings of this study suggest that obesity has a negative impact on 

employment in both men and women. The consequences of obesity for employment 

were larger when WC was used as a measure of obesity compared with BMI in the non-

IV models. Similar findings were not conducted in the instrumental variable models. 

Although the IV models found significant impacts of obesity on employment, they were 

not more pronounced when WC was used to measure obesity, compared with BMI.  
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Table 1: Summary statistics  

  
Full 
sample 

IV-
sample 

WC (mean) 91.1 91.4 
BMI (mean) 27.3 27.7 
Obese_WC (%) 34.7 39.2 
Obese_BMI (%) 24.6 26.8 
Age (mean) 42.7 45.1 
Education qualifications (%) 

   Degree 24.4 20.0 
  Higher education below degree 13.1 13.4 
  GCE A level equivalent 13.9 14.1 
  GCE O level equivalent 26.7 28.5 
  CSE other grade equivalent 4.8 5.1 
  Foreign/other 1.8 1.9 
  No qualification 15.3 17.1 
Ethnicity 

    Non-white 9.3 11.4 
  White 90.7 88.6 
Marital status (%) 

   Single/divorced 24.5 17.0 
  Married  64.2 77.2 
  Cohabiters 11.3 5.9 
Number of children (%)1 

   0 53.4 36.3 
  1 20.6 31.6 
  2 19.2 23.4 
  3 or more 6.8 8.8 
Adults in household (%) 

   1 15.7 4.8 
  2 59.5 31.2 
  3 16.8 41.5 
  4 6.7 18.7 
  5 1.2 3.3 
  6 0.2 0.4 
  7 0.0 0.1 
  8 0.0 0.0 
  9 0.0 0.0 
GOR of residence (%) 

   North East 6.6 7.2 
  North West 14.2 14.6 
  Yorkshire and The Humber   10.3 11.4 
  East Midlands  10.1 10.1 
  West Midlands  9.8 10.0 
  East of England  11.1 10.7 
  London 11.2 10.6 
  South West 10.2 10.2 
  South East 16.6 15.3 
Survey year (%) 

   1998 14.0 11.4 
  1999 1.0 0.3 
  2000 NA NA 
  2001 12.8 8.9 
  2002 6.2 4.6 
  2003 11.5 7.8 
  2004 0.5 0.7 
  2005 5.4 7.4 
  2006 10.1 12.9 
  2007 4.8 6.2 
  2008 9.7 12.5 
  2009 3.1 3.7 
  2010 5.2 6.4 
  2011 5.2 5.5 
  2012 4.8 5.3 
  2013 5.7 6.6 

1Number of children between the age of 2-15 
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Table 2: elasticity (WC and BMI) and x-standardized coefficients based on linear WC and 
BMI 

  Full population 
 

   Men     
 

 Women   
  

 
Elast. z 

X-stand. 
coef. 

Endog. 
test 

 
Elast. z 

X-stand. 
coef. 

Endog. 
test 

 
Elast. z 

X-stand. 
coef. 

Endog. 
test 

Probit in full-sample N=42653 
  

 N=19119 
   

 N=23534 
   WC -0.151 -7.51 -0.070 

 
 -0.065 -2.36 -0.035 

 
 -0.266 -9.15 -0.092 

 BMI -0.056 -3.92 -0.032 
 

 -0.012 -0.57 -0.008 
 

 -0.119 -5.67 -0.057 
 

     
 

    
 

    Probit in IV-sample N=9391 
  

 N=3410 
   

 N=5981 
   WC -0.231 -5.79 -0.111 

 
 -0.149 -2.76 -0.097 

 
 -0.298 -5.23 -0.107 

 BMI -0.128 -4.44 -0.076 
 

 -0.073 -1.74 -0.064 
 

 -0.173 -4.20 -0.085 
 

     
 

    
 

    IV-probit* 
    

 
    

 
    WC -0.325 -2.34 -0.154 0.49  -0.598 -3.14 -0.336 0.03  -0.191 -1.10 -0.069 0.53 

BMI -0.311 -2.85 -0.177 0.09  -0.485 -3.45 -0.345 0.01  -0.212 -1.56 -0.103 0.78 
*control function probit 
I include the following covariates in each regression: age (quadratic function); gender (in the full population regressions); survey 
year (sixteen categories); marital status (married/cohabitees/non-married); education qualifications (seven categories); ethnicity 
(white/non-white); Government Office Region (GOR) of residence (nine categories); number of children in household (0, 1, 2, 3 or 
more); and, number of adults in household (categorical variable: 1-9). The IV-regressions also include: age of the child (1 year age 
dummy variables); gender of child; smoking status of child (ever tried cigarettes, yes/no/missing); and, alcohol consumption of child 
(ever tried alcohol yes/no/missing). 
 
Table 3: marginal effects and population attributable fractions (PAF) from obesity based 
on WC definition and BMI definition 

  Full population    Men     
 

 Women   
  

 
ME z PAF 

Endog. 
test  ME z PAF 

Endog. 
test  ME z PAF 

Endog. 
test 

Probit in full-sample N=42653 
  

 N=19119 
  

 N=23534 
  Obesity_WC -0.025 -6.71 -0.012 

 
 -0.016 -3.75 -0.007 

 
 -0.037 -6.53 -0.020 

 Obesity_BMI -0.026 -6.72 -0.009 
 

 -0.013 -2.85 -0.005 
 

 -0.044 -7.13 -0.016 
 

     
 

    
 

    Probit in IV-sample N=9391 
  

 N=3410 
   

 N=5981 
   Obesity_WC -0.036 -4.95 -0.020 

 
 -0.024 -2.97 -0.013 

 
 -0.045 -4.01 -0.026 

 Obesity_BMI -0.041 -5.28 -0.016    -0.026 -3.00 -0.011 
 

 -0.053 -4.39 -0.020 
 

     
 

    
 

    IV-probit* 
    

 
    

 
    Obesity_WC -0.076 -2.23 -0.041 0.26  -0.145 -3.31 -0.067 0.02  -0.039 -0.82 -0.022 0.90 

Obesity_BMI -0.134 -3.11 -0.048 0.05  -0.159 -3.65 -0.056 0.01  -0.113 -1.81 -0.040 0.36 
*recursive bivariate probit 
I include the following covariates in each regression: age (quadratic function); gender (in the full population regressions); survey 
year (sixteen categories); marital status (married/cohabitees/non-married); education qualifications (seven categories); ethnicity 
(white/non-white); Government Office Region (GOR) of residence (nine categories); number of children in household (0, 1, 2, 3 or 
more); and, number of adults in household (categorical variable: 1-9). The IV-regressions also include: age of the child (1 year age 
dummy variables); gender of child; smoking status of child (ever tried cigarettes, yes/no/missing); and, alcohol consumption of child 
(ever tried alcohol yes/no/missing). 
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Table 4: coefficients and z scores from regression including a linear and quadratic WC 
(BMI) 
  Men       

   
 Women     

    
 

Linear 
   

Quadratic 
 

 Linear 
   

Quadratic 
 

WC Coef. z 
Endog. 
Test 

 
Coef. z 

Endog. 
Test  Coef. z 

Endog. 
Test 

 
Coef. z 

Endog. 
Test 

LPM in IV-sample N=3410 
      

 N=5981 
        WC -0.013 -2.43 

  
0.050 0.76 

 
 -0.030 -5.27 

  
0.079 1.41 

   WC squared 
    

-0.063 -0.96 
 

 
    

-0.110 -1.96 
 IV-regressions* 

       
 

         WC -0.050 -2.43 0.06 
 

2.543 1.82 
 

 -0.021 -1.23 0.58 
 

0.952 2.55 
   WC squared       

 
-2.606 -1.85 0.02      -0.972 -2.59 0.03 

BMI 
       

        
LPM in IV-sample          

        BMI -0.008 -1.32 
  

0.089 1.7 
 

 -0.025 -4.35 
  

0.054 1.27 
   BMI squared 

    
-0.097 -1.86 

 
 

    
-0.080 -1.90 

 IV-regressions* 
       

 
         BMI -0.051 -2.56 0.02 

 
1.241 1.68 

 
 -0.034 -1.83 0.62 

 
0.922 2.81 0.01 

  BMI squared       
 

-1.313 -1.73 0.02  
    

-0.971 -2.89 0.01 
*the IV-regressions are based on linear model (i.e. an linear probability model) estimated via two-stage least squares (2sls). 
I include the following covariates in each regression: age (quadratic function); gender (in the full population regressions); survey 
year (sixteen categories); marital status (married/cohabitees/non-married); education qualifications (seven categories); ethnicity 
(white/non-white); Government Office Region (GOR) of residence (nine categories); number of children in household (0, 1, 2, 3 or 
more); and, number of adults in household (categorical variable: 1-9). The IV-regressions also include: age of the child (1 year age 
dummy variables); gender of child; smoking status of child (ever tried cigarettes, yes/no/missing); and, alcohol consumption of child 
(ever tried alcohol yes/no/missing). 
 
Appendix 1 
 
Table A.1: First-stage results of the impact of the instrument on the enogenous variable 

  WC 
 

  Obesity_WC   
 

 
OLS Coeff. z F-test 

 
Probit Coeff. z F-test 

Total 0.360 25.64 657.31 
 

0.031 19.81 392.6 
Male 0.307 16.24 263.64 

 
0.031 12.45 154.92 

Female 0.397 22.35 499.5   0.031 16.75 280.67 
  BMI 

 
  Obesity_BMI   

 Total 0.364 25.21 635.76 
 

0.075 20.09 403.77 
Male 0.307 15.76 248.36 

 
0.075 12.18 148.29 

Female 0.404 20.67 427.33   0.078 17.07 291.36 
I include the following covariates in the regressions: age (quadratic function); gender (in the full population regressions); survey 
year (sixteen categories); marital status (married/cohabitees/non-married); education qualifications (seven categories); ethnicity 
(white/non-white); Government Office Region (GOR) of residence (nine categories); number of children in household (0, 1, 2, 3 or 
more); number of adults in household (categorical variable: 1-9); age of the child (1 year age dummy variables); gender of child; 
smoking status of child (ever tried cigarettes, yes/no/missing); and, alcohol consumption of child (ever tried alcohol 
yes/no/missing).  
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