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Abstract

:

China is facing a rapidly aging population, and the proportion of the working-age population (WAP) is showing a decreasing trend. In this study, we use a two-stage budgeting quadratic almost-ideal demand system framework to estimate the distribution of food demand elasticity under different proportions of the WAP in rural China. The results show that the income elasticities of rural residents’ demand for fruits and vegetables, animal products, oils and fats, and grains were 0.73, 0.65, 0.55, and 0.48, respectively. Additionally, the income elasticity of rural residents tended to increase as the household proportion of the WAP decreased. These results can provide a deeper understanding of the food consumption patterns of rural residents in China, and could be used in general or partial equilibrium models to forecast food supply and demand.
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1. Introduction


Ending hunger in rural areas is key to achieving the second Sustainable Development Goal (SDG 2) [1,2]. The rapid evolution of the Chinese food consumption structure has accompanied economic changes in rural areas over the last four decades, e.g., cereals have been replaced with fats and animal products [3,4,5,6,7,8,9]. From 1985 to 2019, Chinese rural residents decreased their per capita consumption of grain from 257 kg to 155 kg, while their per capita consumption of meat increased from 11 kg to 25 kg.



During the same period, China has witnessed a rapid aging process [10,11,12]. In recent years, China’s working-age population (WAP; aged 15–64) has been declining in proportion to its total population. According to the medium variant of the 2019 Revision of World Population Prospects presented by the Population Division of the United Nations (https://population.un.org/wpp, accessed on 19 December 2020), China’s WAP proportion fell from 74.5% in 2010 to 71.2% in 2018, and is projected to decline further to 64.6% in 2035 (equivalent to the level in Japan in 2010) and to 59.8% in 2050 (equivalent to the level in Japan in 2020). Moreover, due to the variety of employment opportunities in cities, young workers continue to migrate from rural to urban areas [13], thereby resulting in lower WAP proportions in rural areas. In 2019, the rural WAP proportion was 66%, while the urban WAP proportion was 70%.



One of the effects of this demographic transition is consumption, such as that of food and medical services [14,15,16,17,18]. On the one hand, the life-cycle model of consumer behavior shows that consumption varies with age [19,20]. On the other hand, dietary recommendations for older adults differ from those for others ages due to the functional decline and health conditions of older adults [21,22,23]. Therefore, this study investigates the relationship between the demographic transition represented by the aging of family structures and food consumption, which could have significant practical implications for meeting the national food security strategy [9,24].



The estimation of food demand elasticity is an important aspect of food consumption research [25]. Researchers have constructed various models to estimate the price elasticity of food demand and the income (or expenditure) elasticity of demand for food among Chinese residents based on utility maximization and budget constraints [26,27,28,29,30,31,32]. It has been demonstrated that most income elasticity with respect to food demand in China is positive, as reviewed by Chen et al. [33]. However, traditional food demand elasticity measures only the average elasticity across all samples, not the heterogeneity between different residents. In recent years, researchers have examined the heterogeneity of food demand elasticity [9,34]. Recent studies have focused mainly on the following four aspects of food consumption heterogeneity.



The first is urban-rural heterogeneity [26,35]. Han and Chen estimated the food demand elasticity of migrant workers living in urban areas and demonstrated the heterogeneity of food demand elasticity among urban residents, rural residents, and migrant workers [28]. Second, income heterogeneity can be measured by estimating differences between the elasticity of different income groups [27,32,36,37,38]. For example, Zheng and Henneberry estimated the food demand elasticity of different groups of urban residents in Jiangsu Province in 2004 [38]. Third, demographic heterogeneity can be examined in terms of population and age structures [39,40]. In particular, heterogeneity in family characteristics is measured mainly in terms of adult equivalents, population aging, and the number of children or elderly people [41,42,43]. Fourth, external environmental heterogeneity can be assessed. Recent research has focused on regional differences [27], time differences [44], and climatic differences [45,46].



In light of the considerable differences in consumption between individuals, changes in the age structures of a family can significantly affect food consumption [39,47,48]. Therefore, in light of China’s aging population, changes in age structures are critical factors that must be considered when analyzing food demand [18,43]. To investigate the impacts of age structure on food consumption, previous studies have mainly used the population equivalent model [18,39] or other single equation models [40]. However, these single equation models may not satisfy the restrictions of symmetry, additivity, and homogeneity [25].



In this study, a two-stage estimation procedure was established to empirically study the age structure heterogeneity of food demand elasticity among Chinese rural residents. Following Law et al. [49], we chose the Working–Leser Model and the quadratic almost-ideal demand system (QUAIDS) model for the first and second stages, respectively. Because the unit value can be used as a proxy for unobserved prices, and can exhibit measurement errors, we applied a procedure for quality-adjusted prices following Cox and Wohlgenant [50] and Han and Chen [28] in order to address price endogeneity.



Therefore, the main contribution of this study is the use of a demand system model that can estimate the distribution of food demand elasticity under different proportions of the WAP. This study could provide a valuable supplement to research into the food demand elasticity of Chinese residents and population transition.




2. Materials and Methods


2.1. Data


2.1.1. Data Source


In this study, we used data from the 2012–2018 Survey for Agriculture and Village Economy (SAVE) data by the Institute of Agricultural Economics and Development (IAED), Chinese Academy of Agricultural Sciences (CAAS). The dataset included 16,613 rural households from eight provinces (Hebei, Jilin, Fujian, Shandong, Henan, Yunnan, Shaanxi, and Xinjiang), 30 counties, and 295 villages (Figure 1). The data recorded the food consumption and food expenditure of the sampled households over a whole year [51,52].



In other recent studies, microdata including data from the China Health and Nutrition Survey (CHNS) [36,53] and the household survey data conducted by the National Bureau of Statistics of China (NBSC) [31,32,34] or macrodata from the NBSC have been commonly used to study the food consumption of Chinese residents [9]. CHNS data are three-day food consumption data from sampled households, and thus do not fully reflect the food consumption preference of the sampled households. Moreover, CHNS data were only published up to 2011, and may not accurately reflect the latest food consumption preferences of rural residents. While the household survey data from the NBSC cover the annual food consumption of the sampled households [54,55], they are currently not available to the public.



In the SAVE questionnaire, household food consumption is classified into staple foods, beans, and soy products; oils and fats; meat and poultry products; eggs and egg products; milk and dairy products, aquatic products; and fruits, vegetables, and fruit and vegetable products. Each category is subdivided into subcategories, such as flour and rice. To avoid having many null values, this study divided these food categories into four categories: grains (including staple foods, beans, and soy products); oils and fats; animal products (including meat and poultry products, eggs and egg products, milk and dairy products, and aquatic products), and fruits and vegetables (including fruits, vegetables, and their products). Assuming that rural households in the same region faced the same food prices [49], any missing average prices were replaced by the provincial median prices of the current year. To avoid the impact of abnormal values on the estimation results of the model, this study excluded the minimum and maximum values of the main variables, such as consumption, expenditure, and income. After data cleaning, 15,897 observations were available for use.




2.1.2. Statistical Description


The proportion of household WAP was the key household characteristic variable in this study. Figure A1 shows the changes in the proportion of the WAP in rural China from 2012 to 2019. The proportion of the WAP in the sample households generally showed a downward trend, decreasing from 78.60% in 2012 to 73.68% in 2018. Although the proportion of the WAP according to the SAVE data exceeds the overall national WAP, the WAP from the SAVE data decreased as well.



The Population Division of United Nations predicts that the proportion of the WAP per household will fall to 64.6% in 2035 and 59.8% in 2050 (https://population.un.org/wpp, accessed on 19 December 2020). Thus, the WAP proportions of 60%, 65%, and 70% were chosen as the cutoff points in this study. The sample households were divided into four strata according to the proportion of the household WAP (in parentheses): G1 (0–60%), G2 (60–65%), G3 (65–70%), and G4 (70–100%). Table A1 shows that the majority of rural households had a WAP greater than 70% (10,476 households), possibly because over 50% of elderly people live alone or only with their spouses (G5) [56]. To further address the effects of an aging population on food consumption, we estimated the food demand elasticity of G5.



Table A1 shows a statistical description of the variables of each sample. First, the distribution of the per capita food expenditure of rural residents is weakly correlated with household WAP. Second, the per capita food expenditure decreased with decreasing proportion of household WAP. The average per capita food expenditure of households in the G1 group was CNY 1368.09, which was 138.39 lower than in the G4 group. The per capita total expenditure showed the same trend, i.e., it decreased with a decline in the proportion of the WAP. Therefore, the proportion of the WAP showed a positive correlation with the per capita food expenditure and the total expenditure of households.





2.2. Econometric Model


The basic assumption of this study was that rural residents employ a two-stage budgeting process and that their preferences are weakly separable [25]. In the first stage, rural residents allocate expenditures to food and non-food commodities; in the second stage, rural residents make decisions regarding different food items.



2.2.1. Stage 1: The Working–Leser Model


In the first stage, we adopted the Working–Leser model proposed by Working and Leser [57,58]:


   w  f o o d   = a +  b 1  ln m +  b 2    ( ln m )  2  + u  



(1)




where   w  f o o d    is the share of the per capita food expenditure (  m  f o o d   ) out of the per capita total expenditure (m) of the rural residents and u is the error term. To control the effects of household characteristic variables ( Ω ), such as the proportion of the WAP, on food expenditure proportions [28,29], this study defined the following:


  a =  a 0  +  Σ  k = 1  K   a k   Ω k  +  u 0   



(2)








2.2.2. Stage 2: The QUAIDS Model


Following the initial proposal of the almost-ideal demand system (AIDS) model by Deaton and Muellbauer [25], economists have estimated the elasticity of demand for major food products in various countries and developed derivative models such as the quadratic almost-ideal demand system (QUAIDS) model [59,60]. In the second stage, we used the QUAIDS model proposed by Banks et al. [59] in the improved form proposed by Poi [61] as our model framework. Our hypothesis of the consumer expenditure function was as follows:


  e  ( p , z , u )  =  m 0   ( p , z , u )  ×  e R   ( p , u )   



(3)




where  p  is the price vector,  z  is the demographic variables vector, and u is the utility vector; moreover,    m 0   ( p , z , u )    is the part of the expenditure function that reflects family features,    m 0   ( p , z , u )  =   m ¯  0   ( z )  × ϕ  ( p , z , u )    (where     m ¯  0   ( z )    measures the impact of family characteristics on expenditure),     m ¯  0   ( z )  = 1 +  ρ ′  z  ,   ϕ ( p , z , u )   measures the effects of multiple factors on expenditure,   ϕ  ( p , z , u )  =    Π  j = 1  k   p j  β j    (  Π  j = 1  k   p j   η i ′  z   − 1 )    1 / u −  Σ  j = 1  k   λ j  ln  p j     , and  η  is an   s × k   matrix.



When demographic variables are not considered, the QUAIDS model can be described as follows:


   w i  =  α i  +  Σ  j = 1  n   γ  i j   ln  p j  +  β i  ln  [  m  a ( p )   ]  +   λ i   b ( p )     { ln  [  m  a ( p )   ]  }  2  +  ε i   



(4)




where   w i   is the share of per capita expenditure on food i out of the total per capita food expenditure   W  f o o d   , n is the number of food categories,   ε i   is the error term,   ln a  ( p )  =  α 0  +  Σ  i = 1  n   α i  ln  p i  +  1 2   Σ  i = 1  n   Σ  j = 1  n   γ  i j   ln  p i  ln  p j   ,   b  ( p )  =  Π  i = 1  n   p i  β i    ;   λ  ( p )  =  Σ  i = 1  n   λ i  ln  p i   , and    Σ  i = 1  n   λ i  = 0  .



Considering demographic variables, the QUAIDS model can be modified based on Equation (4) as follows:


   w i  =  α i  +  Σ  j = 1  n   γ  i j   ln  p j  +  (  β i  +  η ′  z )  ln  [  m    m ¯  0   ( z )    a  ( p )  ]  +   λ i   b ( p ) c ( p , z )     { ln  [  m   m ¯  0    ( z )  a  ( p )  ]  }  2  +  ε i   



(5)




where   c  ( p , z )  =  Π  j = 1  k   p j   η ′  z    ,    Σ  i = 1  n   α i  = 1  ,    Σ  i = 1  n   β i  = 0  ,    Σ  i = 1  n   λ i  = 0  ,    Σ  j = 1  n   γ  i j   = 0  ,    Σ  j = 1  k   η  r j   = 0   (  r = 1 , 2 , ⋯ , s  ), and    γ  i j   =  γ  j i      ( ∀ i ≠ j )  . If    λ i  = 0  , then Equations (4) and (5) are AIDS models. We conducted a likelihood ratio test to select between the AIDS model and the QUAIDS model. Following Zheng et al. [9], we used the seemingly unrelated regression (SUR) method to estimate the QUAIDS model for   n − 1   food categories.




2.2.3. Price Endogeneity


Because food prices were not collected by the SAVE questionnaire, we used the unit value (obtained by dividing expenditure by quantity) as a proxy for the price. Thus, there was a measurement error, and a price endogeneity problem occurred. Following Cox and Wohlgenant [50], we first regressed a unit value (uv) function model:   u  v i  =  α i  +  Σ k   β  k i    X k  +  μ i   . Then, the quality-adjusted prices (  a q p  ) were obtained by   a q  p i  =  α i  +    m u  ^  i    and used in Equation (5).




2.2.4. Demand Elasticity


Considering    g i  =  β i  +  η ′  z +   2  λ i    b ( p ) c ( p , z )   ln  [  m    m ¯  0   ( z )  a  ( p )    ]    and    h i  =    (  β i  +  η ′  z )   λ i    b ( p ) c ( p , z )     { ln  [  m    m ¯  0   ( z )  a  ( p )    ]  }  2   , the conditional expenditure elasticity of food i can be described as    e i  = 1 +   g i   w i    , and the conditional uncompensated (Marshallian) price elasticity of food i can be described as    e  i j  U  = −  δ  i j   +  1  w i    (  γ  i j   −  g i   (  a i  +  Σ  j = 1  n  )   γ  i j   ln  p j  )  −  h i   . In the above,   δ  i j    is the Kronecker function. When   i = j  , then    δ  i j   = 1  ; otherwise,    δ  i j   = 0  . The conditional compensated price elasticity was described as    e  i j  C  =  e  i j  U  +  e i   w j   .



The conditional expenditure elasticity, conditional uncompensated price elasticity, and conditional compensated price elasticity of the remaining food category were    Σ  i = 1  n   e  i j  U   w i  = −  w j   ,    Σ  i = 1    e i   w i  = 1  , and    Σ  j = 1  n   e  i j  U  +  e i  = 0  , respectively. According to Equations (1) and (2), the unconditional expenditure elasticity (income elasticity) is    E i  =  [    b 1  + 2  b 2  ln m   W  f o o d    + 1 ]   e i   .






3. Results


3.1. Model Estimation and Selection


Table A2 reports the estimates of the Working–Leser model in the first stage. First, the coefficient of the log of the per capita total expenditure (  ln m  ) was significant at the 1% level and positive. Second, the coefficient of the squared term of   ln m   was significant at the 1% level and negative. Furthermore, the coefficient of the proportion of household WAP was significant at the 1% level, as expected.



The estimation results from the demand system models in the second stage are reported in Table A3. Columns (1) and (2) show the estimations from the standard AIDS model and standard QUAIDS model, respectively, derived from Equation (4). Columns (3)–(5) show the estimations from the QUAIDS model derived from Equation (5). In Column (3), we added the proportion of the WAP as a demographic variable.



In the second phase of our food consumption estimation, we tested the joint significance of the parameter   λ i   in Equation (5) to choose between the AIDS and QUAIDS models. If all   λ i   are 0, the AIDS model should be used; otherwise, the QUAIDS model should be used (as    Σ  i = 1  n   λ i  = 0  , only three  λ  values need to be tested for equality to 0 at the same time). The test results showed    χ 2   ( 3 )  = 60.28  , with a probability of 0.00, which leads us to reject the null hypothesis that all    λ i  = 0   and indicates that the QUAIDS model should be used. Therefore, the follow-up analysis of this study was based on the estimation results from the QUAIDS model.



The estimation results from the AIDS and QUAIDS models are summarized in Table A3. The estimation results showed that more than two thirds of the variables in all models were statistically significant. The estimation results from the standard AIDS model (Column 1), the standard QUAIDS model (QUAIDS1, Column 2), the household characteristics QUAIDS model (QUAIDS2, excluding the provincial and year dummy variables, Column 3), the household characteristics QUAIDS model (QUAIDS3, including the provincial and year dummy variables, Column 4) were not significantly different. These results indicate that the estimation results in this study are robust.




3.2. Income Elasticity and Price Elasticity


Relying on the estimation results from the Working–Leser model and the household characteristics QUAIDS model (including the provincial and year dummy variables), we then calculated the conditional expenditure elasticity, income elasticity, and conditional uncompensated own-price elasticity of the whole sample and the four WAP groups. The results are summarized in Table 1 and Table 2.



The elasticity estimation results presented in Table 1 show that the significance level of all elasticity values was 1%. Among the estimated income elasticity values of the whole sample, the income elasticity of fruits and vegetables and animal products among rural residents was relatively large (0.73 and 0.65, respectively), whereas the income elasticity of oils and fats and grains was relatively small (0.55 and 0.48, respectively). In addition, the elasticity estimation results presented in Table 2 show that the significance level of all elasticity values was 1%. As indicated by the conditional uncompensated own-price elasticity of all samples, rural residents were most sensitive to price changes for fruits and vegetables (with an absolute value of own-price elasticity of 0.95), followed by animal products and grain products (with absolute values of own-price elasticity of 0.88 and 0.82, respectively). Rural residents were the least sensitive to price changes for oil and fat products (with an absolute value of own-price elasticity of 0.5).



First, when we stratified the estimation results according to the proportion of household WAP, the flexibility of food expenditure in the first stage indicated that the elasticity of food expenditure among rural residents tended to increase as the proportion of household WAP declined. The food expenditure elasticity of the G1 group (household WAP proportion of less than 50%) was 0.03 higher than the food expenditure elasticity of the G4 group (household WAP proportion of greater than 90%). These results imply that as the proportion of household WAP in China declined, rural residents tended to spend most of their budgets on food. This result suggests that over a life cycle, the pattern of food expenditure at home is high at either end and low in the middle [42].



Second, the conditional expenditure elasticity of the four food categories among rural residents was heterogeneous in terms age structure. The expenditure elasticity for grain was 0.04 higher in the G1 group than that of the G4 group, while the expenditure elasticity of demand for oil and fat products was 0.05 lower in the G1 group than the G4 group. Among both groups, the expenditure elasticity of demand for animal products and fruit and vegetable products were almost identical. The G2 group’s expenditure elasticity of demand for oils and fats was significantly higher than that of the other groups, and the expenditure elasticity of demand of the G2 group for fruits and vegetables was significantly lower than that of other groups.



Third, the comprehensive results for food expenditure flexibility in the first stage of our calculation and the conditional expenditure elasticity in the second stage showed a trend of increasing income elasticity among rural residents as the proportion of household WAP decreased. Compared with the G4 group, the G1 group had a 0.06 higher income elasticity of grain demand, a 0.04 higher income elasticity of demand for animal products, and a 0.04 higher income elasticity of demand for fruits and vegetables.



Unlike in the case of income elasticity, the correlation between the own-price elasticity of food consumption among rural residents and the proportion of the WAP was relatively small. The own-price elasticity of grain, oils and fats, and fruits and vegetables in the G1–G4 groups was almost the same, while the own-price elasticity of oils and fats differed slightly. These results indicate that the proportion of household WAP might not be a key factor in the own-price elasticity of food consumption among rural residents. With the decline in the proportion of household WAP, the own-price elasticity of food consumption remained almost unchanged among rural residents.




3.3. Food Demand Elasticity among the Elderly Population


Because the food consumption characteristics of elderly people living alone or with their spouses (G5) are significantly different from those of other groups, this study analyzed the food demand characteristics of the G5 group. Due to the impact of China’s one-child policy, the population trend in China is expected to continue to worsen in the future, with the proportion of elderly people who live alone or with their spouses likewise continuing to rise among social and family groups [10,62]. Due to factors such as age and income level, there are differences in consumption between elderly and young people. According to our data, the sample size of G5 was 652, which accounted for 4.1% of all sample households. The average Engel’s coefficient of G5 was 34.2%, which was 0.6 percentage points higher than other households. This suggests that the food demands of elderly people who live alone or with their spouses are different from other households in our sample.



In addition, with the aggravation of the problems associated with aging in China, the proportion of the WAP is decreasing. As a result, the G1 group is increasing as well. Therefore, this section focuses on the relevant characteristics of the G1 population. Table 3 shows that the income elasticity of demand for oils and fats and animal products among elderly people living alone or with their spouses (0.53 and 0.67, respectively) was lower than that among the G1 population (0.55 and 0.68, respectively), and the income elasticity with respect to elderly people’s demand for fruits and vegetables (0.79) was higher than that of the G1 population (0.76). These results indicate that compared to the G1 population, the elderly population’s consumption of fruits and vegetables among the elderly population was relatively sensitive to changes in income. Therefore, with the intensification of aging, the guarantee of a supply of fruits and vegetables requires extra attention.




3.4. Income Elasticity of Food Demand among Elderly Populations with Different Income Levels


Recent studies have found that the income elasticity of food demand decreases as income increases [31,32,36]. In order to verify the heterogeneity of the income of populations with different proportions of WAP, the four WAP groups were divided into five equal groups according to income. The income distribution results are shown in Figure 2. There was a certain income heterogeneity between the four WAP groups, with the G1 group representing mainly low income and low–middle incomes, consistent with the life cycle hypothesis.



Furthermore, the G1 group was subdivided according to income to estimate the income elasticity of food demand. These results are summarized in Table 4. The estimation results indicate that within the G1 group, the income elasticity of food demand decreased with increasing income. For example, the income elasticity of grain demand in the low income subgroup of G1 was 0.02 higher than that in the high income subgroup. The income elasticity for food demand in the whole G1 sample was close to that of the middle and high income subgroups of G1. Therefore, there were differences in the income elasticity of food demand among elderly populations with different income levels.





4. Discussion


Based on the estimation results presented in Table 1 and Table 4, it can be seen, first, that as income increased, the food consumption of Chinese rural residents showed an increasing trend; additionally, rural residents tended to consume more vegetables, fruits, and animal products. This suggests that the pressure on China’s food security is likely to persist. In addition, compared to the existing estimates of income elasticity and conditional uncompensated own-price elasticity among Chinese rural residents (see Table IV in Han and Chen [28]), the estimated results in this study did not have abnormal values.



Second, in the context of accelerated population aging and high income growth rates, it is necessary to simultaneously consider the heterogeneity of family age structures and income distributions in order to accurately predict the future food demand among rural Chinese residents. Furthermore, due to the rapid advancement of urbanization and significant differences in food consumption characteristics between urban and rural residents [28], it is necessary to set up three-dimensional scenarios covering the urbanization rate, age structure, and income distribution in order to make food demand forecasts for China. Existing equilibrium models usually only include the urbanization rate [63,64,65,66]; as such, these models may not accurately reflect the level of food security within the complex domestic and international conditions of the new era.



With the start of a new journey towards building a fully modernized socialist country, China faces the challenges of rapid urbanization and an aging population. The income levels of urban and rural residents are increasing at a medium to high speed. Within this complex context, it is necessary to obtain a more comprehensive understanding of the food consumption patterns of rural residents in order to ensure food security in China. The findings of this study can provide the following insights.



First, the government needs to further strengthen the implementation of the "vegetable basket project" in rural areas to meet the demand for vegetables, fruits, and animal products among rural residents and avoid large fluctuations in the prices of "vegetable basket" products. Food consumption data from rural residents need to be further monitored and shared in order to support precise and scientific decision-making. Second, the equilibrium model for predicting food supply and demand should be adjusted according to the results of this study in order to avoid the excessive simplification of the demand equation and consequent bias in the results.



It is important to note that this study had certain limitations. First, we were unable to analyze food expenditure away from home due to a lack of data. Second, the sample coverage was narrow. Third, the sample sizes of certain subgroups were relatively small.




5. Conclusions and Future Directions


Relying on SAVE data from 2012 to 2018 provided by the Institute of Agricultural Economics and Development, Chinese Academy of Agricultural Sciences, we constructed a Working–Leser QUAIDS model to empirically study the heterogeneity in terms of household age structure of food demand elasticity among rural residents in China.



First, the income elasticity of demand for fruits and vegetables, animal products, oils and fats, and grains among rural residents was 0.73, 0.65, 0.55, and 0.48, respectively. Rural residents’ conditional uncompensated own-price elasticity was −0.95, −0.88, −0.50, and −0.82, respectively, indicating that demand for food among rural residents continues to increase with income growth, and that it is the most sensitive to price changes for fruits and vegetables. Second, the income elasticity of rural residents tended to increase as the proportion of household WAP decreased; households with a WAP ≤ 60% had higher income elasticity with respect to food demand than those with a WAP ≥ 70%. Third, as the proportion of household WAP declined, the own-price elasticity of food consumption among rural residents remained almost unchanged. In addition, the income distribution heterogeneity within populations with different WAP levels followed the general rule in that the income elasticity of food consumption declined with increasing income.



To the best of our knowledge, this is the first study to investigate the distribution of food demand elasticity in rural China under different proportions of WAP. In the future, research could continue to concentrate on how food demand elasticity is distributed across urban residents in relation to their age structures, how food consumption away from home differs between urban and rural residents with differing age structures, and how to predict food supply and demand according to the age structure of the population.
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Table A1. Statistical description of major variables.






Table A1. Statistical description of major variables.





	
Category

	
Unit

	
WAP Strata

	
All




	
G1

0–60%

	
G2

60–65%

	
G3

65–70%

	
G4

70–100%






	
Per capita quantities consumed at home

	

	

	

	

	

	




	
  Grain (GR)

	
Kg

	
78.40

(61.12)

	
75.08

(62.47)

	
84.59

(61.42)

	
87.18

(64.07)

	
84.76

(63.28)




	
  Oils and fats (OF)

	
Kg

	
12.24

(8.07)

	
11.87

(7.70)

	
12.27

(8.21)

	
13.80

(8.84)

	
13.26

(8.62)




	
  Animal products (AP)

	
Kg

	
39.48

(32.32)

	
35.19

(26.45)

	
40.56

(29.61)

	
43.86

(33.89)

	
42.31

(32.94)




	
  Fruits and vegetables (FV)

	
Kg

	
61.66

(66.40)

	
59.44

(57.12)

	
62.85

(66.21)

	
63.08

(66.99)

	
62.64

(66.41)




	
Price (unit value)

	

	

	

	

	

	




	
  Grain (GR)

	
CNY/kg

	
5.12

(5.03)

	
5.01

(4.91)

	
4.88

(4.35)

	
4.93

(4.27)

	
4.96

(4.46)




	
  Oils and fats (OF)

	
CNY/kg

	
12.41

(6.90)

	
12.47

(5.77)

	
12.58

(6.76)

	
13.35

(8.82)

	
13.05

(8.17)




	
  Animal products (AP)

	
CNY/kg

	
20.52

(15.49)

	
20.66

(11.52)

	
21.14

(14.90)

	
21.27

(14.57)

	
21.09

(14.67)




	
  Fruits and vegetables (FV)

	
CNY/kg

	
5.00

(3.50)

	
4.85

(2.87)

	
5.34

(3.99)

	
5.45

(4.47)

	
5.33

(4.20)




	
Household characteristic

	

	

	

	

	

	




	
  Per capita food expenditure

	
CNY 1000

	
1.37

(0.72)

	
1.29

(0.70)

	
1.47

(0.77)

	
1.57

(0.79)

	
1.51

(0.78)




	
  Per capita total expenditure

	
CNY 1000

	
4.31

(2.45)

	
4.08

(1.99)

	
4.71

(2.46)

	
5.15

(2.80)

	
4.90

(2.70)




	
  Proportion of the WAP

	

	
0.36

(0.21)

	
0.60

(0.01)

	
0.67

(0.00)

	
0.93

(0.11)

	
0.78

(0.26)




	
Observations

	

	
2943

	
654

	
1824

	
10,476

	
15,897








Note: The income and price variables were all deflated by the national consumer price index (2012 = 100) data from the NBSC; USD 1 = CNY 6.62 in 2018; standard deviations are shown in parentheses; G1 indicates aWAP proportion of 0–60%; G2 indicates a WAP proportion of WAP of 60–65%; G3 indicates a WAP proportion of 65–70%; G4 indicates a WAP proportion of 70–100%.
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Table A2. Estimation results from the Working–Leser model.
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	Estimated Result
	Bootstrap Standard Error





	   ln m   
	0.32 ***
	(0.05)



	    ( ln m )  2   
	−0.03 ***
	(0.00)



	Proportion of household WAP
	0.02 ***
	(0.00)



	Provincial dummy variables
	Y
	Y



	Year dummy variables
	Y
	Y



	Number of samples
	15,897
	15,897







Notes: *** p < 0.01.
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Table A3. Estimation results from the demand system model in the second stage.
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Parameters

	
AIDS

	
QUAIDS1

	
QUAIDS2

	
QUAID3




	

	
(1)

	
(2)

	
(3)

	
(4)






	
   α 1   

	
0.28 ***

	
0.28 ***

	
0.28 ***

	
0.29 ***




	
   α 2   

	
0.10 ***

	
0.10 ***

	
0.10 ***

	
0.11 ***




	
   α 3   

	
0.42 ***

	
0.42 ***

	
0.42 ***

	
0.40 ***




	
   α 4   

	
0.19 ***

	
0.19 ***

	
0.20 ***

	
0.20 ***




	
   β 1   

	
−0.02 ***

	
−0.02 ***

	
−0.01

	
−0.03 ***




	
   β 2   

	
−0.04 ***

	
−0.04 ***

	
−0.04 ***

	
−0.04 ***




	
   β 3   

	
0.01 ***

	
0.01 ***

	
0.00

	
0.02 ***




	
   β 4   

	
0.05 ***

	
0.05 ***

	
0.05 ***

	
0.04 ***




	
   γ 11   

	
0.02 ***

	
0.03 ***

	
0.03 ***

	
0.03 ***




	
   γ 21   

	
−0.02 ***

	
−0.02 ***

	
−0.02 ***

	
−0.01 ***




	
   γ 31   

	
−0.02 ***

	
−0.02 ***

	
−0.02 ***

	
−0.02 ***




	
   γ 41   

	
0.01 ***

	
0.01 ***

	
0.01 ***

	
0.01 ***




	
   γ 22   

	
0.06 ***

	
0.06 ***

	
0.06 ***

	
0.06 ***




	
   γ 32   

	
−0.04 ***

	
−0.04 ***

	
−0.04 ***

	
−0.04 ***




	
   γ 42   

	
−0.01 ***

	
−0.01 ***

	
−0.01 ***

	
−0.01 ***




	
   γ 33   

	
0.07 ***

	
0.07 ***

	
0.07 ***

	
0.07 ***




	
   γ 43   

	
−0.01 ***

	
−0.01 ***

	
−0.01 ***

	
−0.01 ***




	
   γ 44   

	
0.01 ***

	
0.01 ***

	
0.01 ***

	
0.01 ***




	
   η 1   

	

	

	
−0.02 *

	
−0.01 ***




	
   η 2   

	

	

	
0.00

	
0.00




	
   η 3   

	

	

	
0.01

	
0.01 ***




	
   η 4   

	

	

	
0.01

	
0.00 ***




	
  ρ  

	

	

	
0.32 ***

	
0.00




	
   λ 1   

	

	
−0.01 *

	
−0.01 *

	
0.00 ***




	
   λ 2   

	

	
0.00

	
0.00

	
−0.01 ***




	
   λ 3   

	

	
0.00

	
0.00

	
−0.00 ***




	
   λ 4   

	

	
0.00 **

	
0.01 **

	
0.01 ***




	
Provincial dummy variable

	
N

	
N

	
N

	
Y




	
Year dummy variable

	
N

	
N

	
N

	
Y




	
Number of samples

	
15,897

	
15,897

	
15,897

	
15,897








Notes: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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Figure A1. The proportion of the WAP in rural China. Source: SAVE data and the NSFC. 






Figure A1. The proportion of the WAP in rural China. Source: SAVE data and the NSFC.



[image: Ijerph 19 14578 g0a1]







References


	



Bizikova, L.; Jungcurt, S.; McDougal, K.; Tyler, S. How can agricultural interventions enhance contribution to food security and SDG 2.1? Glob. Food Secur.-Agric. Policy 2020, 26, 100450. [Google Scholar] [CrossRef]

	



Blesh, J.; Hoey, L.; Jones, A.D.; Friedmann, H.; Perfecto, I. Development pathways toward “zero hunger”. World Dev. 2019, 118, 1–14. [Google Scholar] [CrossRef]

	



Bai, J.; Seale, J.L.J.; Wahl, T.I. Meat demand in China: To include or not to include meat away from home? Aust. J. Agric. Resour. Econ. 2020, 64, 150–170. [Google Scholar] [CrossRef]

	



Du, S.; Lu, B.; Zhai, F.; Popkin, B.M. A new stage of the nutrition transition in China. Public Health Nutr. 2002, 5, 169–174. [Google Scholar] [CrossRef]

	



Huang, J.; Bouis, H. Structural changes in the demand for food in Asia: Empirical evidence from Taiwan. Agric. Econ. 2001, 26, 57–69. [Google Scholar] [CrossRef]

	



Huang, Y.; Tian, X. Food accessibility, diversity of agricultural production and dietary pattern in rural China. Food Policy 2019, 84, 92–102. [Google Scholar] [CrossRef]

	



Ren, Y.; Castro Campos, B.; Peng, Y.; Glauben, T. Nutrition Transition with Accelerating Urbanization? Empirical Evidence from Rural China. Nutrients 2021, 13, 921. [Google Scholar] [CrossRef]

	



Yu, X. Engel curve, farmer welfare and food consumption in 40 years of rural China. China Agric. Econ. Rev. 2018, 10, 65–77. [Google Scholar] [CrossRef]

	



Zheng, Z.; Henneberry, S.R.; Zhao, Y.; Gao, Y. Predicting the changes in the structure of food demand in China. Agribusiness 2019, 35, 301–328. [Google Scholar] [CrossRef]

	



Cai, F. The Second Demographic Dividend as a Driver of China’s Growth. China World Econ. 2020, 28, 26–44. [Google Scholar] [CrossRef]

	



Zhang, L.; Yi, H.; Luo, R.; Liu, C.; Rozelle, S. The human capital roots of the middle income trap: The case of China. Agric. Econ. 2013, 44, 151–162. [Google Scholar] [CrossRef]

	



Zhong, H. The impact of population aging on income inequality in developing countries: Evidence from rural China. China Econ. Rev. 2011, 22, 98–107. [Google Scholar] [CrossRef]

	



Zhang, K.H.; Song, S. Rural–urban migration and urbanization in China: Evidence from time-series and cross-section analyses. China Econ. Rev. 2003, 14, 386–400. [Google Scholar] [CrossRef]

	



Mao, R.; Xu, J. Population aging, consumption budget allocation and sectoral growth. China Econ. Rev. 2014, 30, 44–65. [Google Scholar] [CrossRef]

	



Min, S.; Bai, J.F.; Seale, J.; Wahl, T. Demographics, societal aging, and meat consumption in China. J. Integr. Agric. 2015, 14, 995–1007. [Google Scholar] [CrossRef]

	



Wang, M.; Yu, X. Will China’s population aging be a threat to its future consumption? China Econ. J. 2020, 13, 42–61. [Google Scholar] [CrossRef]

	



Yang, Z.; Huang, C. The Implications of Demographic Change on the Future of Medicare: Racial and Gender Disparities in Longevity, Physical Stature, and Lifetime Medicare Expenditures. Soc. Policy Soc. 2014, 13, 535–561. [Google Scholar] [CrossRef]

	



Zhong, F.; Xiang, J.; Zhu, J. Impact of demographic dynamics on food consumption—A case study of energy intake in China. China Econ. Rev. 2012, 23, 1011–1019. [Google Scholar] [CrossRef]

	



Browning, M.; Crossley, T.F. The Life-Cycle Model of Consumption and Saving. J. Econ. Perspect. 2001, 15, 3–22. [Google Scholar] [CrossRef]

	



Deaton, A. Life-cycle models of consumption: Is the evidence consistent with the theory? In Advances in Econometrics: Fifth World Congress; Bewley, T.F., Ed.; Cambridge University Press: Cambridge, UK, 1987; Volume 2, pp. 121–148. [Google Scholar] [CrossRef]

	



Schoufour, J.D.; Voortman, T.; Franco, O.H.; Kiefte-De Jong, J.C. Chapter 11—Dietary Patterns and Healthy Aging. In Food for the Aging Population, 2nd ed.; Raats, M.M., de Groot, L.C.P.G.M., van Asselt, D., Eds.; Woodhead Publishing: Cambridge, UK, 2017; pp. 223–254. [Google Scholar] [CrossRef]

	



van Asselt, D.; de Groot, L.C.P.G.M. Chapter 8—Aging and Changes in Body Composition. In Food for the Aging Population, 2nd ed.; Raats, M.M., de Groot, L.C.P.G.M., van Asselt, D., Eds.; Woodhead Publishing: Cambridge, UK, 2017; pp. 171–184. [Google Scholar] [CrossRef]

	



Willett, W.; Rockström, J.; Loken, B.; Springmann, M.; Lang, T.; Vermeulen, S.; Garnett, T.; Tilman, D.; DeClerck, F.; Wood, A.; et al. Food in the Anthropocene: The EAT–Lancet Commission on healthy diets from sustainable food systems. Lancet 2019, 393, 447–492. [Google Scholar] [CrossRef]

	



Wang, Y.; Wahl, T.I.; Seale, J.L.; Bai, J.J. The Effect of China’s Family Structure on Household Nutrition. Food Nutr. Sci. 2019, 10, 198–206. [Google Scholar] [CrossRef]

	



Deaton, A.; Muellbauer, J. Economics and Consumer Behavior; Cambridge University Press: New York, NY, USA, 1980. [Google Scholar]

	



Fan, S.; Wailes, E.J.; Cramer, G.L. Household demand in rural China: A two-stage LES-AID model. Am. J. Agric. Econ. 1995, 77, 54–62. [Google Scholar] [CrossRef]

	



Gould, B.W.; Villarreal, H.J. An assessment of the current structure of food demand in urban China. Agric. Econ. 2006, 34, 1–16. [Google Scholar] [CrossRef]

	



Han, X.; Chen, Y. Food consumption of outgoing rural migrant workers in urban area of China: A QUAIDS approach. China Agric. Econ. Rev. 2016, 8, 230–249. [Google Scholar] [CrossRef]

	



Wu, B.; Shang, X.; Chen, Y. Household dairy demand by income groups in an urban Chinese province: A multistage budgeting approach. Agribusiness 2020, 37, 629–649. [Google Scholar] [CrossRef]

	



Yen, S.T.; Fang, C.; Su, S.J. Household food demand in urban China: A censored system approach. J. Comp. Econ. 2004, 32, 564–585. [Google Scholar] [CrossRef]

	



Zheng, Z.; Henneberry, S.R. The impact of changes in income distribution on current and future food demand in Urban China. J. Agric. Resour. Econ. 2010, 35, 51–71. [Google Scholar] [CrossRef]

	



Zhu, W.; Chen, Y.; Zheng, Z.; Zhao, J.; Li, G.; Si, W. Impact of changing income distribution on fluid milk consumption in urban China. China Agric. Econ. Rev. 2020, 12, 623–645. [Google Scholar] [CrossRef]

	



Chen, D.; Abler, D.; Zhou, D.; Yu, X.; Thompson, W. A Meta-analysis of Food Demand Elasticities for China. Appl. Econ. Perspect. Policy 2016, 38, 50–72. [Google Scholar] [CrossRef]

	



Han, X.; Yang, S.; Chen, Y.; Wang, Y. Urban segregation and food consumption. China Agric. Econ. Rev. 2019, 11, 583–599. [Google Scholar] [CrossRef]

	



Zheng, Z.; Henneberry, S.R. An analysis of food demand in China: A case study of urban households in Jiangsu province. Rev. Agric. Econ. 2009, 31, 873–893. [Google Scholar] [CrossRef]

	



Ren, Y.; Zhang, Y.; Loy, J.P.; Glauben, T. Food consumption among income classes and its response to changes in income distribution in rural China. China Agric. Econ. Rev. 2018, 10, 406–424. [Google Scholar] [CrossRef]

	



Wang, J.; Chen, Y.; Zheng, Z.; Si, W. Determinants of pork demand by income class in urban western China. China Agric. Econ. Rev. 2014, 6, 452–469. [Google Scholar] [CrossRef]

	



Zheng, Z.; Henneberry, S.R. Household food demand by income category: Evidence from household survey data in an urban chinese province. Agribusiness 2011, 27, 99–113. [Google Scholar] [CrossRef]

	



Gould, B.W. Household composition and food expenditures in China. Agribusiness 2002, 18, 387–407. [Google Scholar] [CrossRef]

	



Liu, H.; Wahl, T.I.; Seale, J.L.; Bai, J. Household composition, income, and food-away-from-home expenditure in urban China. Food Policy 2015, 51, 97–103. [Google Scholar] [CrossRef]

	



Balli, F.; Tiezzi, S. Equivalence scales, the cost of children and household consumption patterns in Italy. Rev. Econ. Househ. 2010, 8, 527–549. [Google Scholar] [CrossRef]

	



Chen, Q.; Deng, T.; Bai, J.; He, X. Understanding the retirement-consumption puzzle through the lens of food consumption-fuzzy regression-discontinuity evidence from urban China. Food Policy 2017, 73, 45–61. [Google Scholar] [CrossRef]

	



You, J.; Imai, K.S.; Gaiha, R. Declining Nutrient Intake in a Growing China: Does Household Heterogeneity Matter? World Dev. 2016, 77, 171–191. [Google Scholar] [CrossRef]

	



Staudigel, M.; Schröck, R. Food Demand in Russia: Heterogeneous Consumer Segments over Time. J. Agric. Econ. 2015, 66, 615–639. [Google Scholar] [CrossRef]

	



Vanham, D.; Gawlik, B.M.; Bidoglio, G. Food consumption and related water resources in Nordic cities. Ecol. Indic. 2017, 74, 119–129. [Google Scholar] [CrossRef]

	



Yohannes, M.F.; Matsuda, T. Weather Effects on Household Demand for Coffee and Tea in Japan. Agribusiness 2016, 32, 33–44. [Google Scholar] [CrossRef]

	



Feng, X.T.; Poston, D.L.J.; Wang, X.T. China’s One-child Policy and the Changing Family. J. Comp. Fam. Stud. 2014, 45, 17–29. [Google Scholar] [CrossRef]

	



Sabates, R.; Gould, B.W.; Villarreal, H.J. Household composition and food expenditures: A cross-country comparison. Food Policy 2001, 26, 571–586. [Google Scholar] [CrossRef]

	



Law, C.; Fraser, I.; Piracha, M. Nutrition Transition and Changing Food Preferences in India. J. Agric. Econ. 2020, 71, 118–143. [Google Scholar] [CrossRef]

	



Cox, T.L.; Wohlgenant, M.K. Prices and Quality Effects in Cross-Sectional Demand Analysis. Am. J. Agric. Econ. 1986, 68, 908–919. [Google Scholar] [CrossRef]

	



Han, X.; Guo, Y.; Xue, P.; Wang, X.; Zhu, W. Impacts of COVID-19 on Nutritional Intake in Rural China: Panel Data Evidence. Nutrients 2022, 14, 2704. [Google Scholar] [CrossRef] [PubMed]

	



Xue, P.; Han, X.; Elahi, E.; Zhao, Y.; Wang, X. Internet Access and Nutritional Intake: Evidence from Rural China. Nutrients 2021, 13, 2015. [Google Scholar] [CrossRef]

	



Gao, Y.; Zheng, Z.; Henneberry, S.R. Is nutritional status associated with income growth? Evidence from Chinese adults. China Agric. Econ. Rev. 2020, 12, 507–525. [Google Scholar] [CrossRef]

	



Li, G.; Han, X.; Luo, Q.; Zhu, W.; Zhao, J. A Study on the Relationship between Income Change and the Water Footprint of Food Consumption in Urban China. Sustainability 2021, 13, 7076. [Google Scholar] [CrossRef]

	



Zhu, W.; Chen, Y.; Han, X.; Wen, J.; Li, G.; Yang, Y.; Liu, Z. How Does Income Heterogeneity Affect Future Perspectives on Food Consumption? Empirical Evidence from Urban China. Foods 2022, 11, 2597. [Google Scholar] [CrossRef] [PubMed]

	



Dang, J. Blue Book of Aging: Survey Report on the Living Conditions of China’s Urban and Rural Older Persons; Social Sciences Academic Press (China): Beijing, China, 2018. [Google Scholar]

	



Leser, C. Forms of Engel functions. Econometrica 1963, 31, 694–703. [Google Scholar] [CrossRef]

	



Working, H. Statistical Laws of Family Expenditure. J. Am. Stat. Assoc. 1943, 38, 43–56. [Google Scholar] [CrossRef]

	



Banks, J.; Blundell, R.; Lewbel, A. Quadratic engel curves and consumer demand. Rev. Econ. Stat. 1997, 79, 527–538. [Google Scholar] [CrossRef]

	



Matsuda, T. Linearizing the inverse quadratic almost ideal demand system. Appl. Econ. 2007, 39, 381–396. [Google Scholar] [CrossRef]

	



Poi, B.P. Easy demand-system estimation with quaids. Stata J. 2012, 12, 433–446. [Google Scholar] [CrossRef]

	



Han, X.; Cheng, Y. Consumption- and productivity-adjusted dependency ratio with household structure heterogeneity in China. J. Econ. Ageing 2020, 17, 100276. [Google Scholar] [CrossRef]

	



Han, X.; Chen, Y.; Wang, X. Impacts of China’s bioethanol policy on the global maize market: A partial equilibrium analysis to 2030. Food Secur. 2022, 14, 147–163. [Google Scholar] [CrossRef]

	



Huang, J.; Wei, W.; Cui, Q.; Xie, W. The prospects for China’s food security and imports: Will China starve the world via imports? J. Integr. Agric. 2017, 16, 2933–2944. [Google Scholar] [CrossRef]

	



Lu, W.; Chen, N.; Qian, W. Modeling the effects of urbanization on grain production and consumption in China. J. Integr. Agric. 2017, 16, 1393–1405. [Google Scholar] [CrossRef]

	



Xu, S.; Li, G.; Li, Z. China agricultural outlook for 2015–2024 based on China Agricultural Monitoring and Early-warning System (CAMES). J. Integr. Agric. 2015, 14, 1889–1902. [Google Scholar] [CrossRef]








[image: Ijerph 19 14578 g001 550] 





Figure 1. The sample selection process. Note: Nine counties were selected in Xinjiang. 
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Figure 2. The income distribution of the four groups with different proportions of WAP. Note: Low, middle, low–middle, middle, middle–high, and high incomes represent the 0–20th, 20–40th, 40–60th, 60–80th, and 80–100th percentiles of the per capita income of the whole sample, respectively. G1 indicates a WAP proportion of 0–60%; G2 indicates a WAP proportion of WAP of 60–65%; G3 indicates a WAP proportion of 65–70%; G4 indicates a WAP proportion of 70–100%. 
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Table 1. Estimated conditional expenditure elasticity and income elasticity.
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GR

	
OF

	
AP

	
FV

	
FEE in the 1st Stage






	
Conditional expenditure elasticity

	

	

	

	




	
     All samples

	
0.79 (0.00)

	
0.90 (0.00)

	
1.06 (0.00)

	
1.18 (0.00)

	
0.62 (0.00)




	
     G1

	
0.82 (0.00)

	
0.86 (0.00)

	
1.05 (0.00)

	
1.18 (0.01)

	
0.65 (0.00)




	
     G2

	
0.84 (0.00)

	
0.96 (0.00)

	
1.04 (0.00)

	
1.11 (0.00)

	
0.66 (0.00)




	
     G3

	
0.79 (0.00)

	
0.89 (0.00)

	
1.06 (0.00)

	
1.18 (0.00)

	
0.63 (0.00)




	
     G4

	
0.78 (0.00)

	
0.91 (0.00)

	
1.06 (0.00)

	
1.19 (0.00)

	
0.61 (0.00)




	
Income elasticity

	

	

	

	




	
     All samples

	
0.48 (0.00)

	
0.55 (0.00)

	
0.65 (0.00)

	
0.73 (0.00)

	




	
     G1

	
0.53 (0.00)

	
0.55 (0.00)

	
0.68 (0.00)

	
0.76 (0.00)

	




	
     G2

	
0.55 (0.00)

	
0.63 (0.00)

	
0.68 (0.00)

	
0.73 (0.00)

	




	
     G3

	
0.49 (0.00)

	
0.56 (0.00)

	
0.66 (0.00)

	
0.74 (0.00)

	




	
     G4

	
0.47 (0.00)

	
0.55 (0.00)

	
0.64 (0.00)

	
0.72 (0.00)

	








Note: Standard errors are shown in parentheses; the first-stage food expenditure elasticity (FEE) of the four groups is the estimated value of food expenditure elasticity based on the proportional expenditure on the four food categories out of the average total expenditure of each group; G1 indicates aWAP proportion of 0–60%; G2 indicates a WAP pro-portion of WAP of 60–65%; G3 indicates a WAP proportion of 65–70%; G4 indi-cates a WAP proportion of 70–100%; GR = grain, OF = oils and fats, AP = animal products, and FV = fruits and vegetables.
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Table 2. Estimated conditional uncompensated own-price elasticity.
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	GR
	OF
	AP
	FV





	     All samples
	−0.82 (0.00)
	−0.50 (0.01)
	−0.88 (0.00)
	−0.95 (0.01)



	     G1
	−0.83 (0.00)
	−0.49 (0.01)
	−0.88 (0.00)
	−0.95 (0.01)



	     G2
	−0.83 (0.00)
	−0.52 (0.00)
	−0.87 (0.00)
	−0.94 (0.00)



	     G3
	−0.83 (0.00)
	−0.46 (0.01)
	−0.88 (0.00)
	−0.95 (0.00)



	     G4
	−0.82 (0.00)
	−0.51 (0.00)
	−0.88 (0.00)
	−0.95 (0.01)







Note: Standard errors are shown in parentheses; G1 indicates aWAP proportion of 0–60%; G2 indicates aWAP proportion of WAP of 60–65%; G3 indicates a WAP proportion of 65–70%; G4 indicates a WAP proportion of 70–100%; GR = grain, OF = oils and fats, AP = animal products, and FV = fruits and vegetables.
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Table 3. Estimated conditional expenditure elasticity and income elasticity among the elderly population.
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	GR
	OF
	AP
	FV
	FEE in the

1st Stage





	Conditional expenditure

elasticity
	0.82(0.01)
	0.83(0.01)
	1.05(0.00)
	1.24(0.01)
	0.64(0.00)



	Income elasticity
	0.53(0.01)
	0.53(0.01)
	0.67(0.00)
	0.79(0.01)
	







Note: standard errors are shown in parentheses. FEE = food expenditure elasticity, GR = grain, OF = oils and fats, AP = animal products, and FV = fruits and vegetables.
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Table 4. Estimation results for income elasticity among the different subgroups of the G1 group.
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	GR
	OF
	AP
	FV
	Obs.





	Low income
	0.56 (0.00)
	0.57 (0.01)
	0.69 (0.00)
	0.79 (0.01)
	794



	Low–middle income
	0.55 (0.00)
	0.57 (0.00)
	0.70 (0.00)
	0.81 (0.01)
	778



	Middle income
	0.54 (0.00)
	0.59 (0.00)
	0.68 (0.00)
	0.74 (0.01)
	592



	Middle–high income
	0.53 (0.00)
	0.57 (0.00)
	0.69 (0.00)
	0.76 (0.00)
	479



	High income
	0.47 (0.00)
	0.51 (0.01)
	0.67 (0.00)
	0.75 (0.01)
	300



	Whole G1 group
	0.53 (0.00)
	0.55 (0.00)
	0.68 (0.00)
	0.76 (0.00)
	2943







Note: Standard errors are shown in parentheses. GR = grain, OF = oils and fats, AP = animal products, and FV = fruits and vegetables.
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