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Abstract

:

This study investigates the impact of more densely populated urban environments proxied by the number of skyscrapers on the obesity prevalence among young vs. old populations at a US statewide level. Obesity is a global pandemic, as well as a major risk factor for a long series of health problems and increased mortality rates. We employ a quadratic model, which relaxes the a priori assumption of the monotonic rise or drop in obesity prevalence with the number of skyscrapers. The outcomes demonstrated a U-shaped curve and a sharper decrease (increase) in the projected obesity prevalence with the number of skyscrapers in the range of 0–147 (147–270) skyscrapers for the old population age cohorts above 65 years old. One possible explanation is the different motivation for physical activity among dissimilar age cohorts. While younger people are focused on maintaining a slim body shape, older people identify with the importance of sports. The public policy outcome of our study is the need to implement different recommendations in dissimilar urban environments based on age cohort stratification. Given that skyscrapers are the manifestation of wealth economics and present the typical characteristics of modern cities, which, in turn, are the future of economic development and productivity, these recommendations might prove to be important.
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1. Introduction


1.1. Background


Skyscrapers are the manifestation of wealth economics and present the typical characteristics of modern cities, which, in turn, are the future of economic development and productivity [1,2,3]. High population densities are associated with high-rise buildings and expensive land prices [4,5].



The relationship between the number of skyscrapers and dense urban environments is well established in the urban economic literature and dates back to Wiliam Alonso [6,7] and Richard F. Muth [8]. They laid out a basic theoretical model, where location decisions were made via bidding on land, wherein the highest bidder outbid other potential users, firms, or households [9]. Alonso [6] investigated the research question as to why four-fifths of privately developed land in typical American cities is occupied by residential housing, while implicitly the other one fifth is occupied by office buildings [10]. A more direct statement was made in the introduction of Muth [8], who described car travel in a typical American city where the landscape is modified from high-rise buildings to single family units. This gave rise to the development of the urban monocentric model, where all employment is located at the city center. A formal derivation is given in [11] (pp. 425–431). Given that land resources in the city center (suburbs) are rather expensive and scarce (cheap and abundant), it makes economic sense to save land (capital) and construct high-rise buildings (detached single-family housing units). A quantitative measure for the responsiveness of the developer to modifications in land prices is the land-to-structure elasticity of substitution [12].



Cities also influence important aspects of health [13,14,15]. This is manifested, inter alia, by obesity prevalence. Obesity is a global pandemic, as well as a major risk factor for a long series of health problems and increased mortality rates. According to the World Health Organization [16], obesity is defined as a BMI ≥ 30 (  B M I = B o d y   M a s s   I n d e x =   k g     m e t e r   2      ). Diseases associated with obesity include musculoskeletal disorders (particularly osteoarthritis—a highly disabling degenerative disease of the joints); cardiovascular diseases (mainly heart disease and stroke—which were the leading causes of mortality in 2012); and diabetes [16]. The built environment can contribute to health outcomes via two main pathways: (1) biological responses to environmental exposures, such as air pollution, and (2) obesogenic behaviors such as physical activity and diet. In that context, Zaccardi et al. [17] suggested that, with the exception of smoking, slow walkers with an otherwise healthy lifestyle have a higher mortality risk than brisk walkers. The latter pathway of obesogenic behaviors is related to the ways in which land use and transportation planning can support healthy behaviors [18].



The relationships between walkability, obesity, and dense urban environments is supported by a long list of empirical studies [18,19,20,21]. In 2005, the relationship between the levels of physical activity and urban environments was identified as a relatively new field of study [19]. Physical inactivity is considered to be responsible for increased mortality rates of up to 20–30% [16,20,22]. A decrease in physical activity levels over time might be an outcome of the urban sprawl phenomenon, namely, more occupied residential land following population growth ([5] (pp. 181–186)). This, in turn, prolongs travel distances and makes the private vehicle the most convenient and practical means of transportation. In urban planning, compact development (i.e., the dense construction mode) is associated with a reduction in automobile dependence [21]. Indeed, in 2005—during which only 45% of the US adult population declared to engaging in at least 30 min daily vigorous walking—this was considered to be mild physical activity ([19] p. 2).



Urban environments combine disadvantages and advantages in terms of obesity, nutrition, and physical activity. On the one hand, crowded cities, characterized by high population densities, may discourage physical activity and provide more opportunities for the increased consumption of ill-nutritional food during the nights and concurrent sleep deprivation [23,24,25]. Chen and Zhou [26] found that the densities of four-way intersections and more than five-way intersections and land use mixture were positively correlated with pedestrian crash frequency and risk in Seattle, Washington. Given studies that found no correlation between specific built environments and walking, Feuillet et al. [27] suggested that more subtle analysis is required. Nigg et al. [28] demonstrated that for more densely populated and crowded regions in Germany, less positive physical activity changes were observed during the first COVID-19 lockdown in April 2020 among children. Finally, referring to the older population in Japan, Hino and Asami [29] found that a high walkability neighborhood adversely affected step counts, whereas proximity to large parks had a positive effect during the COVID19 state-of-emergency period.



On the other hand, such environments may promote walkability by including bicycle and running tracks, green spaces and parks, gyms, stairways, and mixed uses of land. Few articles emphasize the argument that some built environment characteristics encourage people to increase their walking distances [30,31,32]. Based on a longitudinal study of Canadians, the exposure to walkable neighborhoods in urban areas increased utilitarian walking [33].




1.2. The Current Study: Descriptions and Contributions


In this manuscript, we examine whether the urban environments of skyscrapers create different patterns of obesity prevalence among the young vs. old population [The definition of young (old) age cohorts is 18–25 years (65 + years)]. Obesity is closely related to genetic and environmental factors [34,35], as well as nutrition and physical activity [36,37]. Sallis et al. [35] suggest that the design of urban environments has the potential to contribute substantially to physical activity. The motivation for physical activity is different among the dissimilar age cohorts. While the concerns of younger people are focused on maintaining a slim body shape, older people identify with the importance of sports and physical activity in removing aging effects and providing a social support network [38]. These components might explain the outcomes obtained in this study referring to young–old differences in obesity prevalence.



The motivation for physical activity (PA) is a major topic in psychology, with at least 32 theories trying to explain either the motivation or the lack of it. According to the self-determination theory (SDT), people are motivated by three basic needs, namely, competence, autonomy, and social relatedness [39]. While intrinsic motivation comes from within, extrinsic motivation arises from outside. When an individual is intrinsically motivated, he or she engages in an activity solely based on inner satisfaction and enjoyment. The literature contains a discussion on the intrinsic motivation for PA of both adolescents [40,41,42] and elderly populations [43,44,45].



Referring to the young populations, Kalajas-Tilga et al. [41] demonstrated that SDT-based models explained the medium-to-vigorous physical activity (MVPA) of adolescents. The authors stress the special focus required to increase intrinsic motivation toward physical education. Given that teachers’ behaviors are a key factor that influences students’ motivation, Ahmadi et al. [42], proposed a classification system of traits based on a forum of panel experts. Ahmed et al. [40], provided continuing support for the investigation conducted by Allender et al. [38]. In their review, the authors highlighted a major volume of research indicating that during the period of adolescence, individuals are often competitive and demonstrate a challenging attitude with respect to tasks; hence, they have a greater tendency to maintain a positive body image as a form of competition with their peers. This is perhaps the reason why in Ahmed et al. [40], fitness and health received such a high score among girls.



A few studies followed that of Allender et al. [38] (e.g., [40,46]). Firestone et al. [46] investigated adult New Yorkers during 2010–2011. The authors found overall that 70.6% of adult New Yorkers reported having physically active friends. Having active friends was associated with increased leisure time for physical activity by a factor of two times more activity (56 min/week) for men and two and a half times more activity (35 min/week) for women. Physically active males and females who usually engaged in leisure time activities as a part of a group reported 1.4 times more activity than those who exercised alone.



Ahmed et al. [40], provided continuing support for the investigation conducted by Allender et al. [38]. In their review, the authors highlighted a major volume of research indicating that during the period of adolescence, individuals are often competitive and demonstrate a challenging attitude with respect to tasks; hence, they have a greater tendency to maintain a positive body image as a form of competition with their peers. This is perhaps the reason why in Ahmed et al. [40], fitness and health received such a high score among girls.



The data employed in this study referred to obesity prevalence at a US statewide level in 2011–2020 obtained from the Center for Disease Control and Prevention [47]. The definition of skyscrapers employed in this study is buildings above 125 m. Nevertheless, there is no consensus in the literature regarding the definition of skyscrapers. This definition was modified over time following the changes in construction technology (for an historical review on the development of the skyscraper, see, for example, [5] (pp. 175–176)). Previously, skyscrapers were defined as buildings above 50 m and afterward above 100 m. As construction technology evolves, further modifications in this definition are anticipated.



The outcomes of this study demonstrated a U-shaped curve, namely, this included the following: (1a) a decrease in the projected obesity prevalence with the number of skyscrapers in the range of 0–144 (0–147) skyscrapers for young (old) cohorts; (1b) a sharper drop in favor of the old age cohort in the range of 0–144 (0–147) skyscrapers; (2a) an increase in the projected obesity prevalence with the number of skyscrapers in the range of 144–270 (147–270) skyscrapers for young (old) cohorts; and (2b) an attenuated rise in favor of the young age cohort in the range of 144–270 (147–270).



The contributions of this manuscript are threefold. The first contribution is the examination of obesity and cohort effect in the context of the rural vs. urban environments. In this article, the proxy for denser–sparser environments and, more specifically, the value of a location, is the number of skyscrapers. The use of a similar floor–area ratio is a conventional measure employed by city planners (e.g., [9] (pp. 131–132)). In fact, all of these measures (the number of skyscrapers, the floor–area ratio, the population density, and the price of vacant land) may be defined as proxy variables of the unobserved value of location in the urban or rural environment. A proxy variable is assumed to be correlated with the unobserved component. A familiar example is the use of IQ as a proxy of ability in an effort to measure the impact of ability on wage levels ([48] (pp. 306–308)).With one exception [15], we are unaware of any published academic study that employs the number of skyscrapers as a proxy for urban environments.



The second contribution is the use of the nonmonotonic quadratic functional form. Its assumption underlies that the conventional linear model is a fixed monotonically increasing or decreasing slope. The justification for this conventional model is the mathematical definition of the tangent as the best approximation to a nonlinear function around a given point. Yet, this approximation might be considered too restrictive. The quadratic form enables statistical testing as to whether nonmonotonic forms better fit the data. The use of quadratic models is rarely found in the literature. Yin and Sun [49], for instance, found a U-shaped relationship between the waist–hip ratio (WHR) and population density in China (page 9 in their study). Unlike [49], however, the focus of our study is the United States—a western country with a totally different regime type, culture, and which, in contrast to the Chinese landscape, is characterized by new high-rise buildings in dense urban environments. Rather than WHR and population density measures, the investigated model includes the prevalence of obesity, time variable, and dummies for age cohorts interacted with the number of skyscrapers as a proxy for dense urban environments. Nevertheless, our results support their findings of a U-shaped curve for each age cohort.



Finally, the third contribution is the analysis of incremental changes in obesity prevalence with the number of skyscrapers separately for the population belonging to the highest and lowest age cohorts.





2. Methodology


We employ a quadratic model, which relaxes the a priori assumption of the monotonic rise or drop in obesity prevalence with the number of skyscrapers (for a discussion, see, for example, [50] (pp. 229–231)). This empirical model proxies a more densely populated urban environment via the number of skyscrapers in the state. Given the underappreciation of the evidence for social and environmental factors that contribute to obesity, such as the availability of food intake [37,51] and the opportunities for physical activity [17,38,52], we hypothesize the following: (1) a higher obesity prevalence with age where the number of skyscrapers is controlled (e.g., [53]) and, (2) depending on density and the concurrent possibility for brisk or slow walking paces [17], either a drop or a rise in obesity prevalence with the number of skyscrapers for each age cohort.



Consider the following interaction model consisting of the subsequent structural equation:


      O b e s i t y _ P r e v a l e n c e            =   a   1   ′     Y e a r − 2011   +   a   1     S k y s c r a p e r s   2   +   a   2   O l d ×   S k y s c r a p e r s   2   +   b   1   S k y s c r a p e r s        +   b   2   O l d × S k y s c r a p e r s +   c   1   +   c   2   O l d +   μ   1       



(1)




where   O b e s i t y _ P r e v a l e n c e   is the dependent variable;     S k y s c r a p e r s   2   = S k y s c r a p e r × S k y s c r a p e r  ,   S k y s c r a p e r  , and   O l d   are the independent variables;     a   1   ′   ,   a   1   ,   a   2   ,   b   1   ,   b   2   ,   c   1   ,   c   2     are the parameters; and     μ   1     is the classical random disturbance term.



Recall that   O l d   is a dummy variable. It equals 1 for the old age cohort (65 years or older) and 0 for the young age cohort (18–25 years) in the case that only these two age cohorts are included. A comparison between more than two groups is much more intricate. Consequently, the comparison is made on the basis of old vs. young age cohorts. Nevertheless, as specified in subsequent sections, we extended the discussion to all age cohorts.



The objective of the empirical model given by Equation (1) is to capture the differences between these two groups (old vs. young). This empirical model may be split into two separate equations:



By substitution of   O l d = 0   the model given by Equation (1) becomes


  O b e s i t y _ P r e v a l e n c e =   a   1   ′     Y e a r − 2011   +   a   1     S k y s c r a p e r s   2   +   b   1   S k y s c r a p e r s +   c   1   +   μ   1    



(2)







Equation (2) refers to the young age cohorts (18–25 years).



The substitution of   O l d = 1   and the rearranging of terms yields


  O b e s i t y _ P r e v a l e n c e =   a   1   ′     Y e a r − 2011   +       a   1   +   a   2     S k y s c r a p e r s   2   +     b   1   +   b   2     S k y s c r a p e r s +     c   1   +   c   2     +   μ   1    



(3)







Equation (3) refers to the old age cohorts (65 years and older).



The implication from this analysis is that the coefficients     a   2   ,   b   2   ,   c   2     reflect the differences between the base category (the youngest age cohort of 18–25 years) and the oldest age cohort of 65 years and older. This, in fact, is one of the prominent advantages of this interaction model. It permits the statistical testing of the differences across groups (for a detailed discussion, see, for example, [48] (pp. 238–246)). Indeed, the outcomes of Table 2 in subsequent sections show the rejection of the separate null hypotheses that these coefficients equal zero.



Given the complexity of the model, we also provide a graphical illustration of the differences between the two groups in Figure 1 and Figure 2. These graphs are based on the regression outcomes reported in Table 2.



Referring to the empirical model, an additional point that should be discussed is the quadratic nature of the model. According to Chiang and Wainwright [50] (pp. 229–231), the general form of the quadratic function is:   y = a   x   2   + b x + c   (  a ≠ 0  ) with a second derivative that equals to   2 a  . Given that this derivative will always have the same algebraic sign of the coefficient a, a U-shaped curve with a global minimum at (    − b   2 a   ,   −   b   2   + 4 a c   4 a    ) is obtained if   a > 0  , and an inverted a U-shaped curve with a global maximum at (    − b   2 a   ,   −   b   2   + 4 a c   4 a    ) is obtained if   a < 0  .



One concern that should be addressed is the potential problem of omitted explanatory variables. The current study proposes and applies a statistical specification test. The Ramsey’s RESET (Regression Specification Error Test—see [54] (pp. 270–271)) procedure is based on two steps. The first step of the procedure is the construction of a vector of predictions (    Y  ^   ) from the model given in Equation (1). The second step is the incorporation of       Y  ^    2    ,       Y  ^    3    , and       Y  ^    4     in Equation (1) as additional independent variables and testing of the joint null hypothesis that their coefficients equal zero. If the null hypothesis is not rejected, one could argue that the model specification is appropriate.



As previously noted, the initial step for RESET is the Regression Specification Error Test. Greene [55], 176–177 discusses two strategies for specification tests: (1) using the choice between two competing models carried out by the J-test and (2) the detection of failures in the existing null model where an alternative model is absent, which is carried out by the RESET procedure.



Referring to the RESET procedure, Greene [55] states that: “The obvious virtue of such a test is that it provides greater generality than a simple test of restrictions such as whether a coefficient is zero” (page 177). The prominent shortcoming of the RESET procedure mentioned by Greene [55], refer specifically to the possibility that the null hypothesis is rejected; in which case the RESET procedure gives no indication of what the researcher should do next.




3. Results


The study is based on information obtained from the CDC [47] regarding obesity prevalence in 47 US States. Data were extracted by combining the separate files of 2011–2020. Each age cohort is uniformly distributed across US states.



Table 1 reports the descriptive statistics of the variables, which are subsequently incorporated in the empirical model. The sample, obtained from the CDC [47], refers to 47 US states and ten years (2011–2020). The prevalence of obesity is measured as   100 ×   N u m b e r   o f   I n d i v i d u a l s   i n   t h e   s t a t e   w h o   a r e   d e f i n e d   a s   o b e s e     T o t a l   P o p u l a t i o n   i n   t h e   s t a t e    . According to the definition of the World Health Organization [16], obesity is defined as a BMI ≥ 30, where   B M I = B o d y   M a s s   I n d e x =   k g     m e t e r   2      ).





 





Table 1. Descriptive statistics.






Table 1. Descriptive statistics.














	Variable
	
	Obs.
	Mean
	Std. Dev.
	Min
	Max





	Obesity prevalence
	Prevalence of population in the US state that suffers from obesity (BMI ≥ 30 where   B M I =   k g     m e t e r   2      ) measured in percentage points
	928
	22.54
	6.55
	7.6
	37.6



	(Year − 2011)
	The year in which the prevalence of obesity was measured in the state (0 = 2011; 9 = 2020)
	928
	4.53
	2.86
	0
	9



	Skyscrapers
	Number of skyscrapers in the state
	928
	15.86
	42.87
	0
	267



	Old
	1 = Old age cohort (65+)

0 = Young age cohort (18–25)
	928
	0.5
	0.50
	0
	1







Notes: The sample refers to 47 US states and the years 2011–2020.











The mean prevalence of obesity during 2011–2020 among the 47 US States is 22.54%, the standard deviation is 6.55%, the minimum is 7.6%, and the maximum is 37.6% (obesity prevalence). Since 2016, the United States has led the obesity chart among the OECD countries with a 40% prevalence of obesity [56].



Referring to the variable (Year − 2011), it is defined as the number of years (minus one) in which the prevalence of obesity was measured in the state starting from 2011. Note that by following this transformation, the constant term in the empirical model displayed in the subsequent section becomes the baseline projected prevalence of obesity at states without skyscrapers in 2011 ([54] (pp. 147–148)). The sample mean of     Y e a r − 2011     is 4.53, the standard deviation is 2.86, the minimum is 0, and the maximum is 9. The implication is that, referring to the prevalence of obesity, the sample covers 10 years.



Referring to the number of skyscrapers in the state, the sample mean is 16 skyscrapers, and the standard deviation is 42.87. The minimum is 0 and the maximum is 267 (skyscrapers). The variable old is a dummy variable that receives 1 for the old age cohorts (65+ years) and 0 for the young age cohort (18–25 years). A total of 50% of the sample relates to the young age cohort, and 50% relates to the old age cohort.



Table 2 reports the regression outcomes, based on which Figure 1 and Figure 2 are obtained. The RESET specification test clearly supports the quadratic specification given by Equation (1) (F(3, 918) = 1.16; p = 0.3220). The top part of Figure 1 describes the projected obesity prevalence as a function of the number of skyscrapers in the state and is stratified by age cohort to young—aged between 18 and 25 years—and old—aged above 65 years. The bottom part of Figure 1 describes the difference in the projected obesity prevalence between the old and the young cohorts as a function of the number of skyscrapers in the state.



For both age cohorts, a U-shaped curve was obtained. According to Figure 1, for the old (young) age cohort, the projected obesity prevalence is 17.96% (28.57%) where the number of skyscrapers in the state is zero. The projected prevalence drops to a minimum of 21.23% (8.21%) for 144 (147) skyscrapers in the state and then rises to 16.44% (26.93%) for 270 skyscrapers in the state.





 





Table 2. Regression analysis for the oldest vs. youngest age cohorts.






Table 2. Regression analysis for the oldest vs. youngest age cohorts.





	

	
Column (1)




	
Variables

	
Obesity Prevalence






	
(Year − 2011)

	
0.514 ***




	

	
(<0.01)




	
Skyscrapers×Skyscrapers

	
0.000218 ***




	

	
(1.43 × 10−6)




	
Old ×Skyscrapers×Skyscrapers

	
0.000138 **




	

	
(0.0458)




	
Skyscrapers

	
−0.0645 ***




	

	
(5.62 × 10−9)




	
Old ×Skyscrapers

	
−0.0377 **




	

	
(0.0348)




	
Old

	
10.61 ***




	

	
(<0.01)




	
Constant

	
15.63 ***




	

	
(<0.01)




	
Observations

	
928




	
R squared

	
0.708




	
p value RESET Test

	
0.3220




	
Minimum Young (18–25)

	




	
Skyscrapers   =   −   b   1     2   a   1      

	
147

[126, 170]




	
Projected Prevalence of Obesity   =   −   b   1   2   + 4   a   1     c   1     4   a   1      

	
13.2

[11.87, 14.52]




	
Minimum Old (66+)

	




	
Skyscrapers   =   −     b   1   +   b   2       2     a   1   +   a   2        

	
144

[137, 150]




	
Projected Prevalence of Obesity   =   −       b   1   +   b   2       2   + 4     a   1   +   a   2           c   1   + c   2       4     a   1   +   a   2        

	
21.23

[19.48, 22.99]




	
Minimum Old–Young Differences

	
8.21

[5.83, 10.25]




	
Maximum Old–Young Differences

	
10.61

[10.06, 11.13]








Notes: The Old variable receives 1 for old age above 65 years and zero for young cohort between 18–25 years. The Ramsey’s RESET (Regression Specification Error Test—see Ramanathan, 2002 [54] (pp. 270–271)) procedure is based on two steps. The first step of the procedure is the construction of vector of predictions (    Y  ^   ) from the model given in Equation (1). The second step is the incorporation of       Y  ^    2    ,       Y  ^    3    , and       Y  ^    4     in Equation (1) as additional independent variables and testing of the joint null hypothesis that their coefficients equal zero. If the null hypothesis is not rejected, one could argue that the model specification is appropriate. According to this procedure, the null hypothesis is not rejected (F(3, 918) = 1.16; p = 0.3220). Robust p values are given in parentheses. The 5% confidence intervals are given in square brackets. ** p < 0.05; *** p < 0.01.
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Figure 1. Impact of skyscrapers on the prevalence of obesity: young vs. old. Notes: Based on the regression outcomes reported in Table 2. The vertical axis of the top (bottom) figure is the projected prevalence of obesity (young–old differences in obesity prevalence in the state). The horizonal axis is the number of skyscrapers in the state. 






Figure 1. Impact of skyscrapers on the prevalence of obesity: young vs. old. Notes: Based on the regression outcomes reported in Table 2. The vertical axis of the top (bottom) figure is the projected prevalence of obesity (young–old differences in obesity prevalence in the state). The horizonal axis is the number of skyscrapers in the state.
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Figure 2. Incremental change in projected prevalence of obesity: young vs. old. Notes: Based on the regression outcomes reported in Table 2. The graph demonstrates the incremental change for each number of skyscrapers. 
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It is evident from Table 2 that the coefficients of both of the interaction variables, Old ×Skyscrapers×Skyscrapers (p < 0.0458) and Old ×Skyscrapers (p < 0.0348), are statistically different from zero. In addition, the coefficient of the Old variable is statistically different from zero (p < 0.01). The implications manifested at the bottom part of Figure 1 are a lower projected obesity prevalence in favor of the young age cohort by a minimum of 8.21% (95% confidence interval of [5.83%, 10.25%]) and a maximum of 10.61% (95% confidence interval of [10.06%, 11.13%]) for each number of skyscrapers.



Finally, Figure 2 gives the incremental change in the projected prevalence of obesity for both age cohorts (young vs. old). As can be seen from the figure, between 0 and 147 skyscrapers (the falling domain of the projected obesity prevalence), the drop in the incremental projected obesity prevalence for the old age cohort with each additional skyscraper is higher. This trend is reversed for the rising domain of between 147 and 270 skyscrapers.



A further extension of the model is the inclusion of the obesity prevalence as the dependent variable and all age cohorts as independent dummy variables, where the baseline is the youngest age cohort (18–24). Additional explanatory variables are the age cohort dummy variables interacted with the (squared) number of skyscrapers. The coefficients of the model were estimated by the conventional OLS procedure. Given that the interpretation of the outcomes is very complex, we simplified the exposition by providing appropriate figures based on the outcomes obtained. Column (1) of Table 3 reports the regression outcomes and Figure 3—the derived graph of the projected obesity prevalence vs. number of skyscrapers for all age cohorts. According to this figure, the age cohort with the lowest (highest) projected obesity prevalence for every number of skyscrapers is the 18–25 (45–54) cohorts. Consequently, column (2) of Table 3 reports the results of three age cohorts—(18–24—the youngest with the lowest projected obesity prevalence; 45–54—with the highest projected obesity prevalence; and 65 or older—the oldest age cohorts).





 





Table 3. Regression analysis for all age cohorts.






Table 3. Regression analysis for all age cohorts.





	

	
Column (1)

	
Column (2)




	
Variables

	
Obesity_Prevalence

	
Obesity_Prevalence






	
(Year − 2011)

	
0.553 ***

	
0.583 ***




	

	
(<0.01)

	
(<0.01)




	
Skyscrapers×Skyscrapers

	
0.000218 ***

	
0.000218 ***




	

	
(1.28 × 10−6)

	
(1.38 × 10−6)




	
age_25_34× Skyscrapers×Skyscrapers

	
0.000180 **

	
-




	

	
(0.0150)

	
-




	
age_35_44× Skyscrapers×Skyscrapers

	
0.000170 **

	
-




	

	
(0.0187)

	
-




	
age_45_54× Skyscrapers×Skyscrapers

	
0.000103 *

	
0.000103 *




	

	
(0.0859)

	
(0.0862)




	
age_55_64× Skyscrapers×Skyscrapers

	
0.000108

	
-




	

	
(0.102)

	
-




	
age_65_or_older× Skyscrapers×Skyscrapers

	
0.000138 **

	
0.000138 **




	

	
(0.0459)

	
(0.0466)




	
Skyscrapers

	
−0.0644 ***

	
−0.0644 ***




	

	
(4.32 × 10−9)

	
(4.88 × 10−9)




	
age_25_34× Skyscrapers

	
−0.0485 ***

	
-




	

	
(0.00862)

	
-




	
age_35_44× Skyscrapers

	
−0.0464 **

	
-




	

	
(0.0103)

	
-




	
age_45_54× Skyscrapers

	
−0.0379 **

	
−0.0379 **




	

	
(0.0120)

	
(0.0121)




	
age_55_64× Skyscrapers

	
−0.0420 **

	
-




	

	
(0.0124)

	
-




	
age_65_or_older× Skyscrapers

	
−0.0377 **

	
−0.0377 **




	

	
(0.0348)

	
(0.0352)




	
Constant

	
15.46 ***

	
15.32 ***




	

	
(<0.01)

	
(<0.01)




	
age_25_34

	
11.55 ***

	
-




	

	
(<0.01)

	
-




	
age_35_44

	
16.56 ***

	
-




	

	
(<0.01)

	
-




	
age_45_54

	
18.44 ***

	
18.44 ***




	

	
(<0.01)

	
(<0.01)




	
age_55_64

	
17.56 ***

	
-




	

	
(<0.01)

	
-




	
age_65_or_older

	
10.61 ***

	
10.61 ***




	

	
(<0.01)

	
(<0.01)




	
Observations

	
2784

	
1392




	
R squared

	
0.723

	
0.806




	
F values

	
419.5 ***

	
575.9 ***




	
D.F. Numerator

	
18

	
9




	
D.F. Denominator

	
2765

	
1382




	
Critical F value

	
1.94

	
2.42








Notes: Robust p values are given in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01.
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Figure 3. All age cohorts. Notes: The figure describes projected obesity prevalence in percentage points of all age cohorts as a function of the number of skyscrapers and is based on the regression outcomes applied to 2784 observations and given in column (1) of Table 3. 
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The top part of Figure 4 gives the derived graph of the three age cohorts. The bottom part refers to the difference between the 18–24 and 45–54 age cohorts for each number of skyscrapers. Unlike the youngest and oldest groups, and given the high workload during the lifespan dedicated to work, there is presumably a lack of available time to exercise and think of a healthy diet among the 45–54 age cohorts.
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Figure 4. Obesity prevalence vs. number of skyscrapers: three age cohorts. Notes: The top figure describes projected obesity prevalence in percentage points of three age cohorts (18–24—the youngest with the lowest projected obesity prevalence; 45–54—with the highest projected obesity prevalence; 65 or older—the oldest age cohorts) as a function of the number of skyscrapers. Projections are based on the regression outcomes applied to 1392 observations and given in column (2) of Table 3. The bottom figure refers to the difference between 18–24 and 45–54 age cohorts for each number of skyscrapers. 






Figure 4. Obesity prevalence vs. number of skyscrapers: three age cohorts. Notes: The top figure describes projected obesity prevalence in percentage points of three age cohorts (18–24—the youngest with the lowest projected obesity prevalence; 45–54—with the highest projected obesity prevalence; 65 or older—the oldest age cohorts) as a function of the number of skyscrapers. Projections are based on the regression outcomes applied to 1392 observations and given in column (2) of Table 3. The bottom figure refers to the difference between 18–24 and 45–54 age cohorts for each number of skyscrapers.



[image: Biomed 03 00036 g004]






4. Robustness Test


To further support the outcomes and validate the empirical model of young vs. old populations, the objective of the current section is to run a series of robustness tests. We ran two types of robustness tests. The first type is designed to use the panel structure and run random effect regressions for the old and young age cohort separately. The second type is designed to test the cross validation of the empirical model.



We used the panel structure for each group separately (old and young) to run a random effect regression. The outcomes of this procedure are given in Table 4 and Figure 5.



The random effect regression accounts for serial correlation between the vector of generic components (    a   i    —the dummy variables for the US states) and the time variable due to the fact that the same state appears in consecutive years. Described differently, if     ν   i , t   =   a   i   +   u   i , t     (    u   i , t     is the classical random disturbance term), the random effect procedure accounts for the parameter   λ = 1 −         σ   u   2    /      σ   u   2   + T   σ   a   2             1  /  2       (    σ   u   2   ,   σ   a   2    —the respective variances—and T—the time variable), that reflects serial correlation. (Wooldridge [48], 2009: 489–490). Following the random effect regression, the conventional model     y   i t   =   β   0   +   β   1     x   i t 1   + ⋯ +   β   k     x   i t k   +   ν   i t     becomes     y   i t   − λ     y  ¯    i   =   β   0     1 − λ   +   β   1       x   i t 1   − λ     x  ¯    i 1     + ⋯ +   β   k       x   i t k   − λ     x  ¯    i k     +     ν   i t   − λ     ν  ¯    i     ,   where       *  ¯    i     reflects the cross-sectional average,   t = 0 , 1 , 2 , 3 , ⋯ , 9 ,   and   i = 1 , 2 , 3 , ⋯ , 47  . (Wooldridge, 2009 [48] (pp. 489–490)). The results remain robust with respect to the simple OLS procedure.



Finally, to further establish the relationships between the variables, we ran cross validation tests (Table 4 and Table 5 below). The cross validate procedure can be carried out on cross-sectional datasets only due to the random sampling procedure. The latter is not reasonable within the framework of time series analysis where data are organized in ascending chronological order. The procedure creates a vector of predictions denoted as     P  ^   , where each of the five folds randomly assigns a subset of the off-sample group and runs an OLS regression on the training of the on-sample group. The vector     P  ^    contains only predictions from the off-sample group. Table 5 gives the Pearson correlations between the obesity prevalence and     P  ^    and includes five rounds of this repetitive procedure. The outcomes demonstrate high Pearson correlations (stretches between 0.3357—the lowest—and 0.6901—the highest) and rejection of the null hypothesis of zero correlation in all cases at the 1% level.



Likewise, the cross fold procedure can be carried out on cross-sectional datasets only. Recall that time series data are organized in ascending chronological order. Consequently, random sampling procedures are not consistent with the data structure. The procedure creates a vector of predictions, where each of the five folds randomly assigns a subset of the off-sample group and runs an OLS regression on the training of the on-sample group. Table 6 gives the pseudo-R squared as a goodness-of-fit measure. The outcomes show that this measure spans between 0.0598 (lowest) and 0.6849 (highest).





 





Table 5. Cross validation for young vs. old populations.
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	Round
	2011
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	Total





	First
	0.6557 ***
	0.4887 ***
	0.3830 ***
	0.4911 ***
	0.4414 ***
	0.4927 ***
	0.6363 ***
	0.3559 ***
	0.4096 ***
	0.5428 ***
	



	Second
	0.6582 ***
	0.4875 ***
	0.3858 ***
	0.4872 ***
	0.4380 ***
	0.4641 ***
	0.6901 ***
	0.3564 ***
	0.4158 ***
	0.5518 ***
	



	Third
	0.6812 ***
	0.4880 ***
	0.3830 ***
	0.4886 ***
	0.4297 ***
	0.4755 ***
	0.6313 ***
	0.3433 ***
	0.4170 ***
	0.5976 ***
	



	Fourth
	0.6625 ***
	0.5342 ***
	0.3835 ***
	0.4916 ***
	0.4632 ***
	0.5000 ***
	0.6405 ***
	0.3718 ***
	0.3980 ***
	0.5657 ***
	



	Fifth
	0.6646 ***
	0.4797 ***
	0.3357 ***
	0.4866 ***
	0.4400 ***
	0.4950 ***
	0.6900 ***
	0.3446 ***
	0.4021 ***
	0.5726 ***
	



	Obs.
	90
	90
	92
	94
	94
	94
	94
	94
	92
	94
	928







Notes: The cross validate procedure can be carried out on cross-sectional datasets only. The procedure creates a vector of predictions denoted as     P  ^   , where each of the five folds randomly assigns a subset of off-sample group and runs an OLS regression on the training of on-sample group. The vector     P  ^    contains only predictions from the off-sample group. The table gives the Pearson correlations between obesity prevalence and     P  ^   . *** p < 0.01 for the rejection of the null hypothesis of zero correlation.












5. Discussion


We investigated the association between obesity prevalence, the time variable, and the number of skyscrapers as proxies for urban environments and age cohorts. The data employed in this study refers to the obesity prevalence at a US statewide level in 2011–2020 obtained from the Center for Disease Control and Prevention (CDC website [18]). To examine the possibility of nonmonotonic patterns, we used the quadratic model. The outcomes of this study showed U-shaped curves for both the old and young populations with a minimum point of 147 skyscrapers. The minimal obesity prevalence was 21.23 percent among the old population and 13.2 percent among the young population.



The public policy outcome of our study is the need to implement different recommendations in dissimilar urban environments based on age cohort stratification. One possible example is the construction of more retirement homes for the old population when the number of skyscrapers is below 147 and student dormitories for the young population when the number of skyscrapers is above 147. One might consider the possibility to propose subsidized residence in these regions, where the ability to exploit the urban infrastructure (at least according to our results) is the highest. Yet, urban planners should weigh these along with other considerations.



In the residential areas of older people, it is advised to encourage a healthier diet—this should also be considered in terms of business licensing to restaurants. Extreme care will be required for the types of sports facilities found in those areas. Priority should be given to areas where there are young people for accelerated activity such as running, cycling, and ball games. On the other hand, in areas with a high concentration of adults, the counting infrastructure could be adjusted accordingly: walking paths, bowling, and benches for sitting. (For more general guidelines for avoiding or reducing obesity prevalence, see, for example, ref. [57] and Appendix A).



One limitation of this article concerns the grid of data at a US statewide level. One could argue that if the aim is to investigate the impact of urban environments, statewide data is not the correct grid. Yet, many articles employed data at either a US statewide or county levels, including the following: [15,21,58] (Urban Studies and Health); [59,60] (Medicine); [61] (Genetics); [62] (Endocrinology, Diabetes and Metabolism); and [63] (Clinical Psychology).



However, even if we accept this criticism, there still remains an open question of what the appropriate grid is to investigate the impact of urban and non-urban environments.



In their review, Anas, Arnott and Small [64] discussed the question of how to describe the urban spatial structure. According to authors, “A more recent approach to describing urban spatial patterns is on the idea that they resemble fractals, geometric figures which display ever finer structures when viewed as finer resolutions. Mathematically, a fractal is the limiting result of repeatedly replicated, at smaller and smaller measured length with respect to resolution is called as the fractal dimension.” (page 1432 italics appears as in the source). In addition, they state, “More significantly, one can use fractals to represent two-dimensional development patterns, thereby capturing irregularities in the interior as well as at the boundary of the developed area. For example, a fractal can be generated mathematically by starting with a large filled-in square, then selectively deleting to smaller and smaller squares so as to create self-similar patterns at smaller and smaller scales.” (page 1432).



Described differently, according to this approach, each chosen grid is somewhat arbitrary. Another support is given in [21] and [58]. In the limitation subsection of Ewing et al. [21], for instance, state that: “This study relates health to the built environment at the county scale, which is large compared to the living and working environments of most residents (Black and Macinko, 2008 [65]; Feng et al., 2010 [66]). Geocodes are only available from BRFSS down to the county level. If environmental effects are felt most strongly at the community or neighborhood scale, these results may understate the effects of the built environment on health (Booth et al., 2005 [67], p. 125)”.



Hamidi et al. [58] argue that: “Large metropolitan areas tend to have higher peak and average densities due to higher land rents, though with many exceptions. Contrast Boston with Atlanta, San Francisco and Houston.” (page 2).




6. Summary and Conclusions


This study investigated the impact of the more densely populated urban environment proxied by the number of skyscrapers on the obesity prevalence among young vs. old populations at a US Statewide level.



We employed a quadratic model, which relaxes the a priori assumption of monotonic rise or drop in obesity prevalence with the number of skyscrapers (for a discussion see, for example, ref. [50] (pp. 229–231)). The outcomes demonstrated a U-shaped curve, as well as a sharper decrease (increase) in the projected obesity prevalence with the number of skyscrapers in the range of 0–147 (147–270) skyscrapers for the old population age cohorts above 65 years. From a public policy perspective and given the long series of health problems associated with obesity, according to these outcomes, the optimal urban environments are the ones which reduce the projected obesity prevalence to a minimum, namely, with 144–147 skyscrapers.



Future research should focus on other age cohorts. Obesity gaps among these cohorts warrant additional research. The larger obesity gaps were obtained between the young (18–25) and the 45–54 age cohort where work productivity is the highest. Consequently, we extended the article and compared these groups as well. Yet, based on the obesity criteria, the age cohorts may be classified into three groups: (1) The youngest age cohort (18–25) presents the lowest level of obesity prevalence. Presumably, this group has the highest awareness of obesity, and physical activity and genetics work in their favor. (2) The age cohorts 25–34 and above 65 present medium levels of obesity prevalence. While the former group still has a high awareness of obesity and physical activity, the latter group has more available time for physical activity. )3) The rest of the age cohorts (35–44; 45–54; and 54–65) display the highest level of obesity prevalence. Given the high workload during the lifespan dedicated to work, there is presumably a lack of available time to exercise and think of a healthy diet.



The motivation types (intrinsic vs. extrinsic) are another subject for future research. These should be carried out with appropriate surveys in rural vs. urban communities. One example for urban investigation is Firestone et al. [46]. The authors investigated adult New Yorkers during 2010–2011. The authors found overall that 70.6% of adult New Yorkers reported having physically active friends. Having active friends was associated with increased leisure time for physical activity by a factor of two times more activity (56 min/week) for men and two and a half times more activity (35 min/week) for women. Physically active males and females who usually engaged in leisure time activities as a part of a group reported 1.4 times more activity than those who exercised alone.
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Appendix A. Core Elements and Related Topics and Activities in the CRI LEP




 


















	Core Elements
	Selected Examples of Topics and Activities





	Nutrition
	
	
The value of eating whole foods



	
How to identify and prepare whole foods



	
How to create balanced meals/a balanced approach to eating



	
Understand portion sizes.



	
Experience mindful eating/the enjoyment of food



	
Experience a supermarket tour/learn to read food labels.



	
Cooking demonstrations








	Physical Activity
	
	
Discuss core elements of fitness: heart rate, cardio, strength, flexibility, balance, and sense of play.



	
Embrace movement as physical activity (e.g., dance, yoga, tai chi)



	
Incorporate culturally relevant movement into physical activity program (e.g., salsa dancing, African dance, etc.)



	
Tailor exercise plans to the individual’s needs (i.e., major muscle targets; exercises that can be easily done)








	Behavior Change
	
	
Set achievable goals reflecting the program’s core elements and reality of each individual’s life.



	
Track progress and celebrate success.



	
Help participants find, understand, evaluate, communicate, and use information related to their health goals








	Sense of Purpose
	
	
Find meaning in life.



	
Find a sense of connection; not feeling isolated.



	
Find a source of joy in life (having fun like a kid again)



	
Understand that not letting go of the past may be hurting the future.



	
Incorporate meditation.








	Integrative Health
	
	
Understand the four dimensions of health and well-being (physical, mental, spiritual, and emotional) and how they are interconnected.



	
Train health professionals how to incorporate integrative health, wellness, and prevention into each clinical visit.



	
Perform basic blood work, physical, and fitness assessments on all participants to help them better understand their own health stress.








	Social Support and Follow-up Services
	
	
Establish trust among participants and facilitators.



	
Incorporate a “buddy system” for participants to help support each other and maintain healthy living practices.



	
Plan a graduation celebration for program participants.



	
Follow-up by facilitators with participants during and after the program to jointly set timelines for health goals and monitor progress.












Source: Table 1: [57].
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Figure 5. Old vs. young in a panel framework. Notes: The upper (lower) figure is based on column 1 (2) in Table 4. 
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Table 4. Random effect regressions.






Table 4. Random effect regressions.










	
	Column (1)
	Column (2)





	
	Old
	Young



	Variables
	Obesity_prevalence
	Obesity_prevalence



	(Year − 2011)
	0.520 ***
	0.519 ***



	
	(<0.01)
	(<0.01)



	   S k y s c r a p e r s × S k y s c r a p e r s   
	0.000349 ***
	0.000219 *



	
	(0.00232)
	(0.0912)



	Skyscrapers
	−0.100 ***
	−0.0647 **



	
	(0.000344)
	(0.0409)



	Constant
	26.15 ***
	15.62 ***



	
	(<0.01)
	(<0.01)



	Observations
	464
	464



	Number of State 1
	47
	47



	Wald Chi squared (3)
	402.69 ***
	147.57 ***



	       σ  ^    v   =   
	2.6687
	2.9673



	       σ  ^    ϵ   =   
	1.6121
	2.6649



	     λ  ^  =   
	0.7327
	0.5535







Notes: The random effect regression accounts for serial correlation between the vector of generic components (    a   i    —the dummy variables for the US states) and the time variable due to the fact that the same state appears in consecutive years. Described differently, if     ν   i , t   =   a   i   +   u   i , t     (    u   i , t     is the classical random disturbance term), the random effect procedure accounts for the parameter   λ = 1 −         σ   u   2    /      σ   u   2   + T   σ   a   2             1  /  2       (    σ   u   2   ,   σ   a   2    —the respective variances—and T—the time variable), that reflects serial correlation. (Wooldridge [48] (pp. 489–490)). Following the random effect regression, the conventional model     y   i t   =   β   0   +   β   1     x   i t 1   + ⋯ +   β   k     x   i t k   +   ν   i t     becomes     y   i t   − λ     y  ¯    i   =   β   0     1 − λ   +   β   1       x   i t 1   − λ     x  ¯    i 1     + ⋯ +   β   k       x   i t k   − λ     x  ¯    i k     +     ν   i t   − λ     ν  ¯    i     ,   where       *  ¯    i     reflects the cross-sectional average,   t = 0 , 1 , 2 , 3 , ⋯ , 9 ,   and   i = 1 , 2 , 3 , ⋯ , 47  . ([48] (pp. 489–490)). The Wald Chi squared (3) values are the calculated statistics for the regression significance. The p values are given in parentheses. * p < 0.1,** p < 0.05, *** p < 0.01.













 





Table 6. Crossfold for young vs. old populations.
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	Round
	2011
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	Total





	First
	0.3254
	0.6100
	0.6411
	0.5963
	0.2833
	0.1110
	0.6158
	0.6659
	0.5780
	0.5977
	



	Second
	0.6284
	0.6287
	0.5897
	0.0598
	0.6427
	0.6537
	0.6605
	0.1739
	0.6205
	0.1539
	



	Third
	0.6849
	0.3242
	0.0799
	0.6390
	0.5038
	0.4619
	0.1327
	0.3052
	0.2493
	0.6190
	



	Fourth
	0.6525
	0.2400
	0.6571
	0.6791
	0.6834
	0.6397
	0.2350
	0.6833
	0.0235
	0.6792
	



	Fifth
	0.5958
	0.6295
	0.3456
	0.6583
	0.6332
	0.6201
	0.7326
	0.6202
	0.6611
	0.6297
	



	Obs.
	90
	90
	92
	94
	94
	94
	94
	94
	92
	94
	928







Notes: The crossfold procedure can be carried out on cross-sectional datasets only. The procedure creates a vector of predictions, where each of the five folds randomly assigns a subset of off-sample group and runs an OLS regression on the training of on-sample group. The table gives the pseudo-R squared as a goodness-of-fit measure.
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