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This paper explores the relationship between intertemporal discounting and body weight, using stated preference measures of intertemporal discounting, and the body mass index (BMI) to represent relative body weight. The empirical analysis uses Australian data obtained in 2008 through the South Australian Health Omnibus Survey. A quantile regression analysis is used to allow the marginal effects of the explanatory variables on BMI to vary across the conditional BMI distribution. It is shown that an indicator of intertemporal discounting elicited from a hypothetical monetary trade-off has a signiﬁcant positive relationship with BMI. This relationship appears to be stronger in the upper quantiles, but there is insufﬁcient statistical evidence for this difference. Evidence is presented that intertemporal discounting is a risk factor for increased BMI with a magnitude of effect comparable to more commonly recognized risk factors such as income and education. However there is no signiﬁcant relationship found between BMI and an alternative indicator of intertemporal discounting elicited from trade-offs in health status. ß 2013 Elsevier B.V. All rights reserved.
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1. Introduction Body weight outcomes, although mediated by genetic and biological factors, are determined to a large extent by lifestyle choices such as diet and exercise. These choices involve a trade-off between immediate pleasure and expected future wellbeing since a large part of the health costs of weight gain occur in the future. Discounted utility theory, as introduced by Samuelson (1937), models intertemporal choice by supposing a ‘discount rate’ across time periods that puts a declining value on utility that is further in the future. Many health related choices can usefully be modelled as investment decisions, which has been common practice since the model of health capital was introduced by Grossman (1972). This model was itself inspired by



* Tel.: þ61 8 8313 4931. E-mail address: [email protected]. 1570-677X/$ – see front matter ß 2013 Elsevier B.V. All rights reserved. http://dx.doi.org/10.1016/j.ehb.2013.05.005



Becker’s model of human capital (Becker, 1964), and in turn has resulted in many modernizations and extensions (e.g. Muurinen, 1982; Liljas, 1998; Ehrlich, 2000; Grossman, 2000). There is also a burgeoning literature of theoretical models particularly tailored to body weight. Some of these models that explicitly include intertemporal discount rates include: Levy (2002), Philipson and Posner (2003), and Lakdawalla et al. (2005). The theory of discounting and body weight has also been discussed within various papers, such as Cutler et al. (2003) and Blaylock et al. (1999). It is a common feature of these models that a higher discount rate leads to lower investment in health capital, or a higher body weight, based on the simple logic that future health costs will be discounted more than present consumption beneﬁts. Perhaps the ﬁrst study to attempt to empirically link intertemporal discounting with health outcomes was Fuchs (1982), using choices over hypothetical monetary values to elicit discount rates, and looking at smoking, weight, exercise activity, health care utilization and use of
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seat belts. Many of the studies since then are cited in review and meta-analysis articles, e.g. Cairns (2001), van der Pol and Cairns (2003), and Asenso-Boadi et al. (2008). Several papers have looked at the relationship between intertemporal discounting and body weight outcomes. These can be divided between those that have measured discounting using revealed preference measures, where discounting is measured indirectly through related variables, and those that have used stated preference measures, such as survey response data in a variety of forms. The revealed preference approach is used by Komlos et al. (2004), Smith et al. (2005), and Huston and Finke (2003), while the stated preference approach has been used by Borghans and Golsteyn (2006), Zhang and Rashad (2008), and Ikeda et al. (2010). Komlos et al. (2004) explore an association between obesity and national saving data, which could be driven by intertemporal preference. They ﬁnd persuasive evidence of a negative association between obesity and saving. However there are potentially other plausible explanations for this association other than intertemporal preference, and the fact that highly aggregated data is used make this investigation more preliminary. Smith et al. (2005) apply the idea of using savings behavior as a revealed preference indicator of intertemporal preference to the analysis of individual level data. Their results differ by gender and ethnicity, ﬁnding the most persuasive evidence of a positive association between intertemporal discounting and weight for black and Hispanic men and black women. Huston and Finke (2003) do not look at body weight itself, but investigate the related context of intertemporal preference and healthy eating. They ﬁnd some evidence of the importance of variables related to intertemporal discounting towards healthy eating outcomes, however, a key deﬁciency of the approach is the potential for the variables used to proxy for intertemporal discounting, including education, smoking and exercise, to have their own complex interactions with the outcome of interest. While the advantage of all these revealed preference studies is the real-world validity of the data, a key issue is that the revealed preference variables that some of the studies use to control for intertemporal discounting may be in fact important variables in their own right, and thus the goal to separate out the effect of intertemporal discounting may not be well achieved. Borghans and Golsteyn (2006) investigate the relationship between BMI and a variety of indicators of intertemporal discounting, including revealed preference indicators related to things like savings, and stated preference measures such as subjective response questions regarding planning, management and risk, and also a survey-elicited discount rate measure. They ﬁnd that two basic variables representing planning and management are the proxies for intertemporal preference most clearly associated with BMI, and in fact the discount rate variable is not found to be signiﬁcantly associated with BMI. On the other hand, Ikeda et al. (2010) also directly estimate discount rates, and ﬁnds evidence that the magnitude of discount rates, whether they are a ‘hyperbolic discounter’, and whether they show evidence of the ‘sign effect’, all have the expected positive effect on the probability of



being obese. Zhang and Rashad (2008) ﬁnd evidence of an association between a subjective binary measure of lack of willpower and body mass index, more notably for men. Although related to intertemporal discounting, lack of willpower is also quite a different topic. The two studies that use stated preference indicators of discount rates ﬁnd divergent results, with Borghans and Golsteyn (2006) not ﬁnding these variables statistically signiﬁcant and Ikeda et al. (2010) ﬁnding a diversity of statistically signiﬁcant relationships. So the utility of using discount rate measures as predictors of body weight outcomes is still an issue open to debate. Building on the results of the aforementioned literature, this paper aims to investigate the relationship between intertemporal discounting and body weight outcomes. Australian data are used that were obtained in the state of South Australia through the 2008 South Australian Health Omnibus Survey. Stated preference indicators of intertemporal discounting are used, elicited from both choices over monetary values and health outcomes, which are intended to capture the heterogeneity in individuals’ discount rates. This paper uses quantile regression analysis to allow the estimated marginal effects of all the explanatory variables to vary over the conditional distribution of the body mass index. There are theoretical reasons and empirical evidence to suggest that this approach should be preferred, discussed in further detail in the following sections. In addition, it has been shown that the trends in BMI over time that some have labelled an ‘obesity epidemic’ are not just a consistent increase, but rather have important differences along the BMI distribution including increased skewness (Komlos and Brabec, 2011). While the technique of quantile regression is recently beginning to become more popular in the estimation of body weight models, it has not yet been used in an analysis of the effects of intertemporal discounting. The remainder of the paper is organized as follows. Section 2 discusses the empirical methodology to be employed, including the quantile regression technique. Section 3 provides details about the data set and variables used in the analysis. Section 4 provides the main analyses of the paper, including preliminary analysis of unconditional associations, multivariate analysis, and quantile regression analysis. Section 5 concludes. 2. Model and empirical methodology 2.1. Model and empirical methodology This discussion borrows the model of Lakdawalla et al. (2005), and its steady-state results.1 If exogenous parameters are added to account for heterogeneity of individuals’ utility and weight generation functions, the model’s key result is the function of steady-state weight as a function of exogenous variables: W*(p, Y, b, d, u, g) where p is the relative price of weight-increasing consumption, Y



1 Refer to Lakdawalla et al. (2005) and Lakdawalla and Philipson (2009) for the full details of the model, including its assumptions and the proof of the existence of a steady-state.



M.C. Dodd / Economics and Human Biology 12 (2014) 83–97



is the individual’s income, b is the individual’s discount rate, d is the ‘depreciation rate’2 of weight, u is a vector of parameters reﬂecting the form of the individual’s utility function, and g is a vector of parameters reﬂecting the individual’s weight generation function. In other words, an individual’s body weight is some function of their income, the form of their utility function, the form of their weight determination function, and the prices they face in the market. From this, results can be obtained from comparative statics, such as that W* is decreasing in p, and that higher income lowers W* for the overweight, and raises W* for the underweight (the latter result require speciﬁc restrictions on the functional forms not presented here). For the empirical implementation, annual income is used to control for Y, differences in individuals’ weight generation functions (g) are controlled for by controlling for age, sex, functional health literacy and education (these also may control for u to some extent), d is controlled for partly by age and sex, b is represented using stated preference indicators of intertemporal preference. The price of consumption goods p is unlikely to vary signiﬁcantly across individuals in the sample which is restricted to the state of South Australia. The unobservable factors that cannot be controlled for are captured by an error term ui, which includes factors such as genetics and unobservable variation in preferences. So an individual’s BMI is some function BMIi = f(Xi, ui) of a vector of the observable explanatory variables Xi (age, sex, income, education, country of origin, functional health literacy, intertemporal preferences), and a stochastic term ui. Various auxiliary assumptions regarding the nature of this function will be imposed as various estimation methodologies are used throughout this paper. There are many behavioral pathways through which intertemporal discounting can affect BMI, including diet and exercise. However what we are primarily interested in for this paper is the gross effects of intertemporal discounting on BMI, and not the particular pathways of its effect. There is some similarity here with the ‘deep determinants’ literature regarding economic growth (see Bhattacharyya, 2004). In economic growth literature, it is recognized that capital and labor are the major proximate determinants of growth, but the ‘deep determinants’ literature investigates deeper factors that affect growth through their effects on capital and labor. If diet and exercise were included as control variables in the estimation in this paper, then the estimate of the association between discounting and body weight outcomes would be an estimated effect holding diet and exercise constant. This estimate would have quite a different interpretation to the estimate of the gross effect of discounting on BMI that will be investigated. Model speciﬁcations will also be investigated controlling for income, education and functional health literacy. While not proximate determinates of body weight, these variables will affect the context within which an individual makes their health related behavioural choices.



2



This can be thought of as the effect of weight on basal metabolism.
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There are several issues that should be acknowledged with the approach taken here. Authors such as Becker and Mulligan (1997) have suggested ‘reverse causality’ of health on discounting, although no research has speciﬁcally applied this to body weight. This does not seem as likely as the direction of causality from discounting to body weight outcomes. However it is unfortunately difﬁcult to test for this reverse causality in the data. Throughout this paper it will be assumed that this reverse causality is not a problem that will bias the estimation results. However, it will be recognized throughout that the potential for this problem leaves it appropriate to more conservatively interpret the estimation results as conditional associations between the variables, rather than estimates of causation. Another potential issue is that other preference parameters such as risk preference may also be involved in the relationship between intertemporal discounting and body weight outcomes. This issue is not speciﬁcally investigated within this paper, and could have an effect on the interpretation of results. It is common in epidemiology to refer to the ‘risk factors’ of a disease, which refer to variables associated with an increased risk of the disease. Risk factor models develop this idea further by estimating a model of the conditional associations of a set of variables with the outcome of interest, controlling for the other variables. It is recognized that risk factors are not necessarily causal, but they are still considered useful information with regard to categorizing individuals at risk of the condition, and developing understanding of the determinants of the condition (Brotman et al., 2005). The estimated models in this paper should be interpreted in this way, as risk factor models. In particular a focus is on the potential role of intertemporal discounting as a risk factor for adverse body weight outcomes. 2.2. Quantile regression Standard regression techniques such as ordinary least squares estimate the effect of explanatory variables on the conditional mean of the dependent variable. Where measures of relative body weight such as BMI are concerned this may not be appropriate, since many variables could have different effects on various parts of the conditional distribution of BMI. For example the explanatory variable ‘income’ is suggested by some theories3 to have a positive impact on the weight of those who are underweight, and a negative impact on the weight of the overweight. Looking only at the effect of income on mean BMI not only obscures these varying effects, but may lead to the erroneous inference that the estimated effect is constant along the BMI distribution. Quantile regression is a technique that is used here to estimate the effects of explanatory variables on different parts of the conditional BMI distribution, by estimating differing marginal effects at various conditional quantiles. All observations in the sample are used in the estimation of each quantile, essentially applying a linear regression



3



Such as Lakdawalla et al. (2005).



86



M.C. Dodd / Economics and Human Biology 12 (2014) 83–97



methodology separately at each quantile analysed. The modern techniques of quantile regression were introduced by Koenker and Bassett (1978).4 Although this methodology has been around for several decades, and seems naturally applicable to estimations regarding weight outcomes, it is only in very recent times that the technique has come to gain popularity in this area. Studies that have used quantile regression to estimate models of BMI include Smith et al. (2003), Kan and Tsai (2004), Terry et al. (2007a), Stifel and Averett (2009), Costa-Font et al. (2009), Meltzer and Chen (2011), and Wehby et al. (2012). Beyerlein et al. (2008) compare various estimation methodologies in the estimation of risk factor effects on BMI, and conclude that quantile regression is one of the recommended methods when speciﬁc parts of the BMI distribution are of interest, due to the speciﬁc interpretation of the estimates. The appropriateness of using quantile regression to study BMI is also discussed in Gillman and Kleinman (2007) and Terry et al. (2007b). In the estimation results subsequently presented, the quantile regression estimates have been obtained using the sqreg command in the program Stata 10 (StataCorp, 2007). This procedure simultaneously estimates regressions at each of the quantiles, with a 0.05 step between each quantile, and uses a bootstrapping approach to derive standard errors which allows for potential heteroskedasticity of the errors. The bootstrapping approach used 400 repetitions. 3. Data 3.1. Data source The data source for this analysis is the 2008 South Australian Health Omnibus Survey (SAHOS).5 The SAHOS is an annual cross-sectional survey that is conducted through interviews with a randomly drawn representative sample of South Australians aged 15 and over. Further details of the survey methodology have been published elsewhere (Wilson et al., 1992). Observations that had missing values on any of the utilized variables were excluded, bringing the sample used for the following empirical work to 1868 observations. The excluded observations did not differ noticeably from the full sample with respect to demographics and other variable means. 3.2. Intertemporal choice questions Rather than using a revealed preference indicator of intertemporal preferences, such as done by Huston and Finke (2003) and Smith et al. (2005), in this paper a stated preference methodology is used. In this complex context, it is difﬁcult to ﬁnd revealed preference indicators of intertemporal preference that are not likely to be strongly related to the outcome variable for other reasons, and that can be simply obtained in a survey setting. While stated
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For further reading see Buchinsky (1998), Koenker and Hallock (2001), Yu et al. (2003), and Koenker (2005). 5 Further information including regarding access is available at http:// health.adelaide.edu.au/pros/data/hos/.



preference procedures of elicitation certainly have their own issues, it can be argued that they are more likely to capture meaningful variation in intertemporal preferences, so a stated preference methodology is adopted here, similar to the previous studies by Fuchs (1982), Borghans and Golsteyn (2006), and Ikeda et al. (2010). The questions used borrow from the previous studies of Chapman and Coups (1999) and Chapman (2001). However the questions used here differ from those from the previous studies is some ways, in particular their construction was educated by the empirical and theoretical results of previous studies, and attempts were made to capture as much relevant variation in preferences as possible within the constraints of the survey, while minimizing the effect of the potential biases and confounds that are well-known in the literature.6 Best practice techniques for eliciting stated preference discount rates usually use a battery of questions to more accurately identify aspects of discounting, however this was not possible in the current survey due to the questions’ placement in a large population representative health survey. This does leave the resultant variables with some limitations, but this should be weighed against the utility of obtaining this data from a large representative health survey, rather than smaller convenience samples used in many other discounting studies. Discount rates are most commonly estimated using choices between different monetary values at different times, but they can also be elicited using trade-offs in other outcomes, for example health outcomes. Following related literature, discounting behavior in the money trade-off case will be referred to as discounting in the ‘monetary domain’ and discounting behavior for trade-offs of health outcomes will be referred to as discounting in the ‘health domain’. In response to the ﬁndings regarding the differences between elicited intertemporal preference indicators in the monetary domain and those in the health domain (Chapman and Elstein, 1995; Chapman, 1996; Lazaro et al., 2001), as well as the ﬁndings that the monetary domain indicators tend to have more explanatory power for health behaviors (Chapman and Coups, 1999), a question was included to elicit intertemporal preference indicators of each type. See Fig. 1 for monetary domain question; similar health domain question is shown in Appendix A. A high number of individuals exhibited either zero or negative discount rates according to their stated preference responses, and due to the limitations of the survey questions, it is not possible to separate these two groups from one another. Due to the small number of observations in each of the positive discount rate categories, an indicator variable was created for each domain, taking a value of 1 if the individual exhibited evidence of a positive discount rate, and zero if they did not. The monetary domain



6 These include the magnitude, sign, and delay effects (Thaler, 1981; Myerson and Green, 1995; Kirby, 1997), anchoring and framing effects, censoring by ﬁeld opportunities (Coller and Williams, 1999; Cubitt and Read, 2007), cognitive difﬁculty, and the conﬂuence of risk preferences and intertemporal preferences (Andersen et al., 2008).
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Question 1 (Monetary Domain) Imagine that you just received a speeding ticket. This means you have to pay a fine in cash. You can either pay a $200 fine today, or can delay the payment and pay twelve months from today, but you may have to pay a larger fine if you delay it. Which of the following would best describe your choice? A) I would prefer to pay the fine now. B) I would prefer to pay in twelve months but only if I did not have to pay more than: i) $200 ii) $220 iii) $240 iv) $260 v) $280 vi) $300 C) I would prefer to pay in twelve months even if I had to pay more than $300. Fig. 1. Monetary domain question.



indicator variable for a positive discount rate is denoted PDR-M, and the health domain indicator is PDR-H. Other similar studies have also found high proportions of zero and negative discount rates, including a number of studies in the health context reviewed in van der Pol and Cairns (2000). The ‘sign effect’ is a commonly found effect that losses are discounted at much lower discount rates compared to gains, which was ﬁrst investigated by Thaler (1981). Since the questions used in this paper are framed as losses, it is likely that this could increase the proportion of respondents with zero or negative discount rates. Negative discount rates will be shown by people who wish to pay a speeding ﬁne now rather than later, one plausible reason for which could be to remove the dread of the negative future payment. Ikeda et al. (2010) in their related study about discounting and body weight in which they are also able to separate out negative and zero discounting, ﬁnd a large number of respondents showing evidence of negative discount rates. Whether individuals’ discounting of future outcomes can be modelled as standard exponential discounting, hyperbolic discounting or other forms of non-exponential discounting is an interesting question. This would be important for any estimates of discount rates, and may be an important determinant of health decisions. However, since the discounting indicators used in the analysis are binary in nature and based simply on a positive discount rate estimate, this issue will not be addressed in further detail. Whether exponential or hyperbolic discounting is an appropriate model for a speciﬁc individual, this will not affect whether they show evidence of a positive discount rate, and so the variables used in this paper will have the same interpretation in either case. As can be seen from Table 1, it seems that the two measures of discounting in different domains capture different elements of intertemporal preferences. The Pearson correlation coefﬁcient between the two variables is similarly quite low at 0.0863. Another concern with these variables may be that they are highly correlated with other variables in the model such as education or age, which could create some complications for the analysis. Linear regressions of each indicator on the other explanatory had R2 values of only 0.0346 for PDR-M and 0.0145 for PDR-H, suggesting that the variance in these



intertemporal discounting indicators is not driven by the other explanatory variables in the model. 3.3. Body mass index A body mass index (BMI) variable was created using self-reported measures of height (in either centimeters or feet and inches), and weight (in either kilograms or stones and pounds).7 The fact that BMI has been calculated from self-reported measures introduces potential bias due to misreporting, with height often slightly overestimated and weight often slightly underestimated (Gorber et al., 2007). Research has also suggested that measures of fatness and obesity other than BMI may be better measures (Burkhauser and Cawley, 2008). Given that BMI derived from self-reported data is the only appropriate variable available from this dataset, it will be used in this paper with the caveat that these potential issues may apply. The number of respondents in each of the usual BMI categories is shown in Table 2. These ﬁgures are very similar to the usual prevalence ﬁgures in Australia. The Australian National Health Survey 2007–2008 found that 25% of adults were obese, and 37% of adults were in the overweight (but not obese) range (ABS, 2009). Fig. 2 shows a histogram of the BMI distribution in the sample used in this paper. 3.4. Explanatory variables The selection of explanatory variables Xi has been discussed in Section 2. In addition to the key explanatory variables of interest, PDR-M and PDR-H, these include age, sex, income, education and functional health literacy. The age variable is deﬁned as the age in years at the time of the survey, and the sex variable used is a binary variable taking the value 1 for female and 0 for male. In this survey income was available in speciﬁc bands rather than as a continuous variable, so binary variables were used to indicate presence in these bands which can be seen in Table 3. Education is also controlled for by a set of binary variables indicating presence in a set of exclusive categorisations of the highest qualiﬁcation obtained. A
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Calculated as weight (kg) divided by height-squared (m2).
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Table 1 Frequency of responses – discount rate indicators. PDR-M



0 1 Total



PDR-H 0



1



Total



1375 300 1675



137 56 193



1512 356 1868



Note: PDR-M and PDR-H are binary variables indicating a positive rate of discounting in the monetary domain question and health domain question respectively.



variable to control for functional health literacy is included, the newest vital sign (Weiss et al., 2005). While yet a reasonably new measure, and not as tested as its peers, studies have shown that it has good internal validity, good sensitivity, and good criterion validity against the more widely used TOFHLA8 (Weiss et al., 2005; Osborn et al., 2007).



4. Analysis 4.1. Unconditional associations Table 3 shows the interquantile means of each of the variables used in this analysis. That is, it shows the mean of each variable for each of the subsamples deﬁned by the deciles of BMI. This gives an indication of how the characteristics of individuals change along the distribution of BMI. It is useful to remember from Table 2 that the change from the underweight to normal weight occurs at the 1.93th percentile of BMI, followed by overweight status at the 39.83th percentile, and obese status at the 75.11th percentile. It is interesting to note that the proportion of individuals with a positive rate of intertemporal discounting in the monetary domain is noticeably higher in the upper quantiles that correspond approximately to the ‘obese’ range. For example, the proportion of individuals showing evidence of a positive rate of intertemporal discounting in the monetary domain is 19.1% in the full sample, but is 24.2% for individuals in the top decile of BMI. On the other hand, there is little difference in the proportion of individuals with a positive discount rate in the health domain across the quantiles of BMI. It appears that the unconditional association between positive discounting and body weight is stronger for the monetary domain indicator than the health domain indicator. The key focus of this paper is the potential effect of intertemporal discounting on body mass index outcomes, so rather than how discounting varies with body weight, perhaps more important is how body weight varies with discounting. 31% of those respondents with a positive monetary discount rate are obese, compared to only 23% for the rest of the sample (F = 10.19; p = 0.0014). On the other hand, if the sample is separated based on the health domain indicator of a positive discount rate, both



8



See Parker et al. (1995).



subsamples have a prevalence of obesity of 25% (F = 0.00; p = 0.9939). Similarly, comparing the discounting and non-discounting subsamples for general overweight status (including obese status), it is found that using the monetary indicator 65% of discounters are overweight, versus 59% of non-discounters (F = 5.12; p = 0.0237). And using the health domain indicator, 61% of discounters are overweight, compared to 60% of non-discounters (F = 0.08; p = 0.7718). Two trends are noticeable from this analysis of unconditional associations. Firstly, the monetary domain indicator of intertemporal discounting shows evidence of being associated with BMI outcomes, whereas the health domain indicator does not. Secondly, the association between the monetary domain indicator of intertemporal discounting and BMI seems stronger for those in the obese category than those in the overweight category. Since there is reason to believe the effect of intertemporal discounting on weight outcomes may vary across the distribution of weight, Fig. 3 shows the unconditional quantile distribution of BMI, alongside the quantile distributions of BMI conditioning separately on a positive discount rate elicited in each domain. From examination of these distributions of quantiles it can be seen that conditioning on a positive level of intertemporal discounting (that is, looking at people who are more impatient), the distribution of quantiles has a relatively similar shape to the unconditional distribution. However, there is a subtle difference in the upper-quantiles. For both conditional distributions, BMI seems to be higher at the upper quantiles. For example, where the notation Q95 represents the 95th percentile: Q95(BMI) = 37.21 Q95(BMI|PDR-M = 1) = 39.61 Q95(BMI|PDR-H = 1) = 38.32



The conditional distributions in Fig. 3 each condition on only one variable, so perhaps do not have a very useful interpretation. It may be that the differing distributions of BMI are due to other variables that are correlated with intertemporal discounting. To better analyse the conditional distributions multivariate techniques must be used. 4.2. Multivariate analysis Table 4 reports linear regression (OLS) estimates of the vector of explanatory variables deﬁned previously on BMI as the dependent variable. The main speciﬁcation in column (1) is the set of results of primary interest. These Table 2 BMI categories in sample.



Underweight Normal weight Overweight Obese



Deﬁnition



Count



Percentage (%)



BMI < 18.5 18.5  BMI < 25 25  BMI < 30 BMI  30



36 708 659 465



1.93 37.90 35.28 24.89
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Fig. 2. BMI histogram. Note: Range has been limited to exclude three outliers.



presented here, which include discounting variables and demographics as explanatory variables for BMI. These levels of R2 values are not speciﬁc to the literature on discounting, with many other estimated models of body weight having similar values. The low R2 values obtained in these studies are not indicative of poor models, but rather



will be discussed ﬁrst, before moving on to some alternate speciﬁcations also presented in the same table. The R2 value is quite low, however it is in fact quite similar to those found in similar analyses of body weight outcomes. Ikeda et al. (2010) ﬁnd R2 between 0.021 and 0.094 for their model speciﬁcations most similar to those



Table 3 Inter-quantile means. Full sample



0–0.1



0.1–0.2



0.2–0.3



0.3–0.4



0.4–0.5



0.5–0.6



0.6–0.7



0.7–0.8



0.8–0.9



0.9–1



27.04 0.19 0.10 49.50 0.55



19.45 0.17 0.08 41.98 0.74



21.86 0.15 0.11 47.66 0.59



23.22 0.20 0.12 50.09 0.56



24.43 0.15 0.09 51.50 0.53



25.62 0.20 0.13 49.64 0.45



26.88 0.18 0.11 50.51 0.47



28.31 0.17 0.10 51.84 0.45



29.97 0.16 0.09 50.44 0.50



32.33 0.28 0.11 50.44 0.59



38.45 0.24 0.10 50.93 0.61



Highest qualiﬁcation Bachelor degree or higher Certiﬁcate/diploma (>1FTE) Certiﬁcate/diploma (1FTE) Trade/apprenticeship Left school after 15, still studying Left school after 15 Left school at 15 or less Still at school



0.20 0.15 0.12 0.13 0.04 0.23 0.12 0.02



0.27 0.11 0.12 0.09 0.04 0.24 0.07 0.06



0.27 0.11 0.10 0.09 0.05 0.25 0.11 0.02



0.23 0.18 0.13 0.08 0.03 0.21 0.12 0.01



0.23 0.11 0.17 0.08 0.02 0.23 0.14 0.01



0.21 0.19 0.12 0.14 0.04 0.13 0.11 0.01



0.20 0.15 0.10 0.19 0.03 0.12 0.12 0.01



0.20 0.13 0.11 0.18 0.03 0.22 0.12 0.02



0.14 0.16 0.12 0.19 0.04 0.22 0.12 0.01



0.15 0.19 0.12 0.13 0.04 0.25 0.13 0.00



0.12 0.13 0.13 0.14 0.04 0.30 0.13 0.01



Household income range $100, 000 $80,001–$100,000 $60,001–$80,000 $50,001–$60,000 $40,001–$50,000 $30,001–$40,000 $20,001–$30,000 $12,001–$20,000  $12,000



0.20 0.11 0.14 0.09 0.08 0.09 0.12 0.12 0.05



0.26 0.11 0.10 0.10 0.10 0.08 0.12 0.10 0.05



0.18 0.12 0.16 0.12 0.08 0.08 0.12 0.13 0.03



0.21 0.12 0.14 0.05 0.09 0.11 0.12 0.09 0.06



0.20 0.11 0.11 0.09 0.10 0.08 0.13 0.14 0.04



0.24 0.14 0.14 0.07 0.06 0.06 0.12 0.11 0.07



0.19 0.07 0.19 0.10 0.10 0.11 0.09 0.12 0.05



0.19 0.11 0.15 0.11 0.08 0.10 0.12 0.13 0.02



0.27 0.12 0.11 0.07 0.08 0.06 0.14 0.10 0.05



0.14 0.12 0.12 0.11 0.08 0.08 0.15 0.13 0.06



0.10 0.11 0.19 0.04 0.09 0.10 0.13 0.19 0.05



Functional health literacy Adequate (NVS) At risk (NVS) Inadequate (NVS)



0.59 0.23 0.18



0.63 0.23 0.14



0.58 0.25 0.17



0.56 0.27 0.18



0.61 0.22 0.17



0.61 0.24 0.15



0.63 0.19 0.18



0.57 0.24 0.19



0.62 0.20 0.19



0.53 0.25 0.23



0.58 0.22 0.20



BMI PDR-M PDR-H Age Female



Notes: PDR-M and PDR-H are binary variables indicating a positive rate of discounting in the monetary domain question and health domain question respectively. 1FTE refers to studies equivalent to one year of full-time education. The term ‘school’ refers to primary/secondary school, whereas ‘studying’ is more general. Income ranges are denominated in Australian Dollars.
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indicate the amount of unobservable variation in the biology and psychology of individuals that is relevant to their body weight outcome. According to the main speciﬁcation estimate in Table 4, the statistically signiﬁcant point estimate of the effect of the PDR-M variable on BMI is 1.12. This means that an individual who showed evidence of a positive discount rate in the monetary domain, according to the stated-preference questions used, will on average have a BMI 1.12 index units higher, all other variables held constant. This would correspond for example to an increased weight by 7.81 pounds (3.54 kg) for an individual with a height of 5 foot 10 (178 cm). On the other hand, the health domain indicator is once again not statistically signiﬁcant. The estimated coefﬁcients on the age variables are signiﬁcant, showing a positive but decreasing effect of age on body weight. Several of the education and income variables are signiﬁcant and positive, indicating a positive effect of being in those groups on BMI relative to the high education and high income base groups. The coefﬁcients on the functional health literacy variables are not signiﬁcantly different from zero, suggesting perhaps that the other demographic variables sufﬁciently control for this characteristic. Speciﬁcation (3) titled ‘variable exclusions’ shows the estimation results of the same models, with the exclusion of the variables representing discounting in the health domain, and functional health literacy. These particular variables were excluded since their presence in the model is more tenuous than the other demographic variables are and they were not found to be signiﬁcant. The estimation results of this speciﬁcation are not dissimilar to the main speciﬁcation. So if these variables in fact should not be included in the model, but are erroneously included, this does not seem to bias the estimates on the other variables noticeably. This gives further conﬁdence in the model speciﬁcations including these variables, including models in later sections. As has been discussed previously, there may be differences in the effect of various explanatory variables over the distribution of BMI. In particular, some explanatory variables may move BMI towards healthy levels, and thus have a positive effect for underweight individuals and a negative effect for overweight individuals. To see if the small number of underweight individuals is biasing the results, column (2) shows estimates of the main speciﬁcation with the only difference being the exclusion of all underweight individuals from the sample of analysis. This does not greatly change the estimates and qualitative results, but the small changes are actually quite signiﬁcant considering that the sample has simply lost 36 of a total 1868 observations. This shows some evidence of the differing effect of explanatory variables on body weight across the BMI distribution, which should be investigated further. While the differing effect of variables across the BMI distribution is problematic for standard multivariate regression procedures, quantile regression techniques will not be biased by this, and will instead allow a full exploration of these differences.



4.3. Quantile regression analysis The quantile regression estimates of primary interest are shown in Fig. 4, and for the remaining explanatory variables in Appendix B in Figs. B1 and B2. The same results are presented in a tabular format in Table B1. The ﬁgures show the results as point estimates of the quantile regression coefﬁcients for each regressor of their marginal effect on each conditional quantile with a solid line. The plots are based on estimates at each 0.05 increment between the 0.05 and 0.95 quantiles, and include 90% conﬁdence intervals based on bootstrap standard errors with 400 repetitions. The dotted lines show the OLS linear regression estimate and its conﬁdence interval, as a comparator. Note that statistical signiﬁcance at a particular quantile is given by the solid line at 0.00 being outside the conﬁdence band. The tabulated results in Table B1 present estimates only for the 9 quantiles that are 0.10 quantile steps apart, however this is only for ease of exposition on a single page, and these estimates are in fact based on the same simultaneous estimation process including a larger number of quantiles that is used for the ﬁgures. The main variables of interest are shown in Fig. 4. Here it can be seen that the monetary domain indicator (PDR-M) has a positive association with BMI that is statistically signiﬁcant at most of the quantiles. The point estimate of the effect increases over the quantiles, and is more pronounced at the higher quantiles representing overweight and obese ranges.9 Although the OLS estimate reports a similar magnitude to many of the quantiles, the OLS estimation procedure clearly hides the potential increasing importance of discounting at the upper quantiles of the conditional BMI distribution. For this variable, as well as many others, the conﬁdence interval gets much larger at the highest quantiles and statistical signiﬁcance is lost. The asymptotic precision of quantile regression estimates depends on the density of observations near the quantile of interest (Koenker, 2005), so this pattern of the conﬁdence interval is not surprising. The estimated effects of PDR-H on BMI are statistically insigniﬁcant at the quantiles presented, so once again it seems that stated preference indicators of discounting in the health domain are not a good explanator of body weight outcomes. Table 5 shows the results of hypothesis tests of the equality of the quantile regression coefﬁcient estimates across selected sets of quantiles for the key variable PDRM. The pairs shown correspond somewhat to the BMI categories, and interesting tests of symmetry. There are no cases where there is sufﬁcient evidence to reject the hypothesis of equality of the coefﬁcients at the usual levels of statistical signiﬁcance. So it cannot be said that there is statistical evidence of the upward trend that seems apparent in the coefﬁcient estimates for PDR-M, or indeed any difference over the conditional quantiles. The sex variable indicating ‘female’ has a negative association with BMI at the lower quantiles, but at higher



9



Recall that ‘overweight’ begins at Q0.3983 and ‘obese’ begins at Q0.7511.
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Fig. 3. Quantiles of BMI. Note: PDR-M and PDR-H are binary variables indicating a positive rate of discounting in the monetary domain question and health domain question respectively. These ﬁgures show the unconditional quantile distribution of BMI, alongside the quantile distributions of BMI conditioning separately on a positive discount rate elicited in each domain.



5. Discussion and conclusion



previously been found by Borghans and Golsteyn (2006) not to be statistically signiﬁcantly associated with BMI. However a more recent paper by Ikeda et al. (2010) has found evidence of such an association. Comparison of the results here with that study is somewhat hampered by the different approaches, but it seems that the results presented in this paper are generally higher in magnitude. One of the most interesting results from the analysis in this paper is the magnitude of the estimate of positive discounting as a risk factor for adverse body weight outcomes. Although the exact estimate differed depending on the model speciﬁcation and estimation methodology, the estimated coefﬁcient on the monetary discounting variable ranged between about half the magnitude and very close to the magnitude of the coefﬁcients on the education and income variables.10 This shows evidence of the elicited discounting variable as an important risk factor for obesity and high body weight outcomes. It is also shown here that the association between this indicator of intertemporal discounting and BMI may be



Through various methodologies used throughout this paper a consistent result has been the association between the indicator of positive intertemporal discounting in the monetary domain and body weight outcomes. This supports earlier work on the topic by Komlos et al. (2004) and Smith et al. (2005) using revealed preference approaches. In contrast, stated preference indicators of discounting similar to those used in this paper have



10 For example, according to the main speciﬁcation of the multivariate linear regression, the estimated coefﬁcient on PDR-M was 1.12, and the estimated coefﬁcient on ‘Left school at 15 or less’ (compared to the base case of having a bachelor degree or higher) was 1.44. For a 5 foot 10 (178 cm) individual, these BMI increases would correspond to increases of 7.81 pounds (3.54 kg) for a discounter compared to a non-discounter, and 10.04 pounds (4.55 kg) for an individual who left school before 15 compared to those with a bachelor degree or higher.



quantiles this association is lost, and indeed at some quantiles a positive association is found. This is congruent with the fact that the distribution of BMI among females is different to the distribution among males. In particular, many epidemiological surveys (see for example ABS, 2009) ﬁnd that a higher proportion of males than females are in the ‘overweight’ category, but that the proportion of females that are obese is similar to the proportion of males. It should be noted that the quantile regression clearly is more appropriate than OLS for the analysis of this variable, since the OLS method ﬁnds no relationship between BMI and sex due to the opposing effects along the BMI distribution cancelling each other out. Since the explanatory variables other than PDR-M and PDR-H are primarily used as control variables there will not be any detailed discussion of the estimated results for those variables, which the interested reader can ﬁnd in the ﬁgures and table in Appendix B.
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Fig. 4. Quantile regression estimation results (discounting indicators). Note: PDR-M and PDR-H are binary variables indicating a positive rate of discounting in the monetary domain question and health domain question respectively.



different at different quantiles of the conditional BMI distribution. In particular, the point-estimate of the association of discounting tends to increase at the higher quantiles that include the overweight and obese ranges. However tests of statistical signiﬁcance of the difference across quantiles do not support the rejection of the hypothesis that there is no difference. This does not mean that there is conclusive evidence that there is no trend, since there is similarly insufﬁcient evidence to reject the hypothesis of certain increasing trends. If this proposed increasing effect was present it could suggest that intertemporal discounting behavior is a more important determinant of body weight for those who are obese, or in the higher parts of the overweight spectrum, than those who are normal weight or just a little overweight. If this were the case it could be an important insight since the health problems of excess weight increase as BMI increases, so it is often those who are highly overweight who are targeted for body weight reducing interventions. Juxtaposed to these results, the indicator of intertemporal discounting in the health domain is not statistically signiﬁcantly different from zero at any of the quantiles examined in the quantile regressions, or in any of the other regression analysis. This does not support the hypothesis derived from the theory, that indicators of higher discount rates should be positively associated with BMI. However, this supports previous ﬁndings (Chapman and Coups, 1999), that



stated-preference indicators of intertemporal preference elicited in the health domain actually have less explanatory power for health behaviors than those elicited in the monetary domain. This might be because the questions that these variables are based on are too cognitively difﬁcult for respondents, so do not capture the intended aspects of preferences. The reason for this difﬁculty is in part because the types of questions that need to be asked are not the sort of decisions that individuals are familiar with making in their day-to-day lives, unlike the monetary domain questions that can be constructed to closely resemble familiar choice patterns. Using Australian data from 2008, this paper has provided evidence of an association between stated preference indicators of intertemporal discounting and body weight outcomes that until very recently had not been shown. It also provided evidence that although there may be domain independence in elicited discounted rates in the monetary and health domains, it is in fact the more commonly used monetary domain measures that have a signiﬁcant association with body weight outcomes. Quantile regression analysis helped show that the association between discounting and BMI may be stronger for the obese, who are in any case a group of particular clinical relevance. The results presented in this paper should be interpreted primarily as evidence of associations. It may be useful for future work in this area to identify causality more strongly.
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Table 4 Multivariate linear regression coefﬁcient estimates. Dependent variable: BMI PDR-M PDR-H Age Age squared Female



Highest qualiﬁcation Bachelor degree or higher Certiﬁcate/diploma (>1FTE) Certiﬁcate/diploma (1FTE) Trade/apprenticeship Left school after 15, still studying Left school after 15 Left school at 15 or less Still at school



Household income range $100, 000 $80,001–$100,000 $60,001–$80,000 $50,001–$60,000 $40,001–$50,000 $30,001–$40,000 $20,001–$30,000 $12,001–$20,000  $12,000 Functional health literacy Adequate At risk Inadequate Constant Observations R2



(1) Main speciﬁcation ***



1.12 (0.35) 0.26 (0.42) 0.33*** (0.04) 0.00*** (0.00) 0.21 (0.26)



(2) Underweight excluded ***



(3) Variable exclusions 1.10*** (0.35)



1.08 (0.35) 0.32 (0.42) 0.31*** (0.04) 0.00*** (0.00) 0.14 (0.26)



0.33*** (0.04) 0.00*** (0.00) 0.21 (0.26)



(Base group) 1.13*** (0.41) 1.00** (0.45) 1.85*** (0.45) 1.83** (0.80) 1.21*** (0.40) 1.44*** (0.56) 0.09 (0.91)



1.25*** (0.41) 1.02** (0.45) 1.83*** (0.45) 1.89** (0.79) 1.20*** (0.40) 1.53*** (0.55) 0.30 (0.94)



1.12*** (0.41) 0.98** (0.45) 1.87*** (0.45) 1.80** (0.80) 1.20*** (0.40) 1.45*** (0.55) 0.09 (0.91)



(Base group) 0.74* (0.42) 1.10** (0.44) 0.19 (0.46) 0.59 (0.56) 0.80 (0.51) 0.75 (0.50) 1.58*** (0.53) 0.78 (0.73)



0.68 (0.42) 1.15*** (0.44) 0.20 (0.46) 0.68 (0.55) 0.73 (0.51) 0.83* (0.49) 1.53*** (0.52) 0.97 (0.72)



0.71* (0.42) 1.07** (0.44) 0.16 (0.46) 0.56 (0.56) 0.77 (0.50) 0.72 (0.49) 1.57*** (0.54) 0.79 (0.73)



(Base group) 0.22 (0.33) 0.19 (0.40) 17.49*** (1.07) 1868 0.07



0.06 (0.33) 0.27 (0.40) 18.09*** (1.06) 1832 0.06



17.47*** (1.06) 1868 0.06



Notes: Robust standard errors in parentheses. Speciﬁcation (2) is the same as (1), only with underweight individuals removed from the sample. Speciﬁcation (3) is the same as (1), with the exclusion of the variables representing discounting in the health domain, and functional health literacy. PDR-M and PDR-H are binary variables indicating a positive rate of discounting in the monetary domain question and health domain question respectively. 1FTE refers to studies equivalent to one year of full-time education. The term ‘school’ refers to primary/secondary school, whereas ‘studying’ is more general. Income ranges are denominated in Australian Dollars. * p < 0.1. ** p < 0.05. *** p < 0.01.
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Table 5 Hypothesis tests of equality across quantiles (PDR-M). Test



p-Value



b0.05 = b0.95 b0.05 = b0.75 b0.05 = b0.50 b0.05 = b0.40 b0.40 = b0.75 b0.25 = b0.75 b0.50 = b0.75 b0.05 =    = b0.95



0.19 0.16 0.87 0.74 0.18 0.13 0.12 0.92



Note: bt is the marginal effect at the tth quantile.



Appendix A Question 2 (Health Domain):



Imagine that you have just been diagnosed with a new disease that does not cause any symptoms, but will kill you if untreated. Luckily, there are two drugs available that will completely cure you, drug X and drug Y. Both drugs must be taken weekly for two years and will lead to a complete cure after completion. Unfortunately, both drugs have side effects. Both drugs will cause a high fever, dry itchy skin and diarrhoea to the same extent during the period that you are affected by side effects.



Drug X will give you side effects for the ﬁrst 10 days only. Drug Y will give you side effects beginning after one year has passed, these will also only last for a short time: that is a 10 days or a few days more (the exact duration would be told to you with certainty before you make your decision). Which of the following would best describe your choice?



(A) I would prefer to take Drug X. (B) I would prefer to take Drug Y, but only if the period that it causes side effects in no longer than: (i) 10 days (ii) 11 days (iii) 12 days (iv) 13 days (v) 14 days (vi) 15 days



(C) I would prefer to take Drug Y even if the period that it causes side effects is greater than 15 days.



Appendix B See Table B1 and Figs. B1 and B2.
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Table B1 Quantile regression estimates. Dependent variable: BMI PDR-M PDR-H Age Age squared Female



(1) Q0.1 0.54 (0.36) 0.14 (0.46) 0.14*** (0.05) 0.00** (0.00) 1.51*** (0.30)



Highest qualiﬁcation Bachelor degree or higher Certiﬁcate/diploma (>1FTE)



(Base group) 0.47 (0.51) Certiﬁcate/diploma (1FTE) 0.59 (0.47) Trade/apprenticeship 0.58 (0.58) Left school after 15, still studying 0.12 (0.77) Left school after 15 0.06 (0.44) Left school at 15 or less 0.77 (0.54) Still at school 1.28 (1.08)



Household income range $100, 000 $80,001–$100,000 $60,001–$80,000 $50,001–$60,000 $40,001–$50,000 $30,001–$40,000 $20,001–$30,000 $12,001–$20,000  $12,000 Functional health literacy Adequate At risk (NVS) Inadequate (NVS) Constant Observations



(Base group) 0.55 (0.52) 0.04 (0.55) 0.01 (0.54) 0.30 (0.59) 0.16 (0.50) 0.59 (0.46) 0.24 (0.56) 0.06 (1.06)



(1) Q0.2



(2) Q0.3 ***



(3) Q0.4 **



(4) Q0.5 **



(5) Q0.6 *



(6) Q0.7 **



(7) Q0.8 ***



(8) Q0.9 ***



0.82 (0.29) 0.01 (0.34) 0.22*** (0.04) 0.00*** (0.00) 1.23*** (0.26)



0.76 (0.31) 0.37 (0.39) 0.28*** (0.04) 0.00*** (0.00) 1.09*** (0.27)



0.77 (0.33) 0.37 (0.45) 0.29*** (0.04) 0.00*** (0.00) 0.70** (0.29)



0.72 (0.40) 0.42 (0.44) 0.30*** (0.05) 0.00*** (0.00) 0.23 (0.35)



1.15 (0.48) 0.75 (0.52) 0.38*** (0.05) 0.00*** (0.00) 0.22 (0.37)



1.52 (0.53) 0.57 (0.68) 0.41*** (0.06) 0.00*** (0.00) 0.32 (0.43)



1.46 (0.53) 0.40 (0.79) 0.41*** (0.07) 0.00*** (0.00) 0.57 (0.45)



0.84 (0.75) 0.36 (1.13) 0.45*** (0.09) 0.00*** (0.00) 0.85 (0.56)



1.07** (0.43) 0.90** (0.41) 1.57*** (0.43) 0.49 (0.76) 0.59 (0.36) 0.98** (0.46) 0.05 (0.98)



1.45*** (0.36) 1.10*** (0.39) 1.75*** (0.44) 1.15 (1.27) 0.93** (0.42) 1.08** (0.47) 0.06 (0.97)



1.46*** (0.41) 1.11** (0.44) 2.12*** (0.48) 2.74*** (0.95) 1.44*** (0.41) 1.31** (0.58) 0.19 (0.96)



1.57*** (0.53) 0.82 (0.57) 2.69*** (0.53) 1.84** (0.88) 1.29** (0.50) 1.68** (0.68) 0.50 (1.16)



1.25** (0.56) 0.74 (0.58) 2.43*** (0.49) 2.15** (0.88) 1.43*** (0.47) 1.88*** (0.68) 0.82 (1.32)



1.58** (0.64) 0.48 (0.74) 2.01*** (0.52) 1.97** (0.95) 1.40** (0.59) 2.15*** (0.77) 0.24 (1.65)



1.86*** (0.71) 1.29* (0.73) 1.78** (0.71) 2.41** (1.18) 2.24*** (0.81) 1.92** (0.79) 0.71 (2.16)



1.14 (1.06) 0.56 (1.15) 1.10 (0.92) 1.56 (1.76) 2.27** (0.89) 1.10 (1.13) 2.99 (3.00)



0.21 (0.44) 0.65 (0.44) 0.02 (0.49) 0.07 (0.48) 0.12 (0.51) 0.36 (0.52) 0.54 (0.45) 0.14 (0.58)



0.21 (0.46) 0.17 (0.42) 0.08 (0.49) 0.66 (0.55) 0.35 (0.50) 0.43 (0.56) 0.36 (0.52) 0.43 (0.67)



0.18 (0.47) 0.18 (0.40) 0.01 (0.55) 0.30 (0.57) 0.22 (0.55) 0.02 (0.63) 0.53 (0.57) 0.26 (0.83)



0.20 (0.54) 0.19 (0.56) 0.01 (0.61) 0.35 (0.68) 0.51 (0.70) 0.17 (0.66) 1.12 (0.73) 0.34 (0.82)



0.82 (0.60) 0.63 (0.48) 0.10 (0.57) 0.22 (0.66) 0.45 (0.56) 0.84 (0.71) 1.41* (0.79) 0.12 (1.13)



0.71 (0.62) 0.90 (0.57) 0.19 (0.63) 0.02 (0.78) 0.31 (0.73) 1.03 (0.84) 1.87** (0.84) 1.06 (1.13)



1.16 (0.72) 1.59** (0.79) 0.22 (0.75) 0.45 (1.00) 1.12 (0.94) 1.70** (0.74) 2.72** (1.09) 1.64 (1.17)



1.30 (0.82) 2.34* (1.20) 0.26 (0.87) 2.08 (1.46) 2.48 (1.58) 1.72 (1.14) 4.62*** (1.12) 2.79 (1.71)



(Base group) 0.04 0.52 0.03 0.17 0.13 0.10 0.07 0.13 0.94 (0.38) (0.31) (0.34) (0.35) (0.41) (0.43) (0.47) (0.51) (0.73) 0.27 0.32 0.26 0.08 0.51 0.49 0.51 0.85 0.22 (0.44) (0.39) (0.43) (0.47) (0.55) (0.51) (0.51) (0.56) (0.91) 17.73*** 16.79*** 16.53*** 17.01*** 17.74*** 16.66*** 17.33*** 18.51*** 20.30*** (1.15) (0.90) (1.06) (1.07) (1.23) (1.26) (1.51) (1.82) (2.23) 1868 1868 1868 1868 1868 1868 1868 1868 1868



Notes: Robust standard errors in parentheses. PDR-M and PDR-H are binary variables indicating a positive rate of discounting in the monetary domain question and health domain question respectively. 1FTE refers to studies equivalent to one year of full-time education. The term ‘school’ refers to primary/secondary school, whereas ‘studying’ is more general. Income ranges are denominated in Australian Dollars. * p < 0.1. ** p < 0.05. *** p < 0.01.
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Fig. B1. Quantile regression estimation results (continued). Notes: 1FTE refers to studies equivalent to one year of full-time education. The term ‘school’ refers to primary/secondary school, whereas ‘studying’ is more general.



Fig. B2. Quantile regression estimation results (continued). Note: Income ranges are denominated in Australian Dollars.
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