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Abstract 

Efforts to achieve the United Nations' Sustainable Development Goals necessitate a global 

commitment to halve food loss and waste within the next decade. Reducing household food waste 

not only enhances environmental sustainability but also promotes economic efficiency and food 

security. In this context, the issue of consumer food waste in China—a country that accounts for 

nearly a quarter of global food production—remains largely unexplored. This study advances the 

existing literature on indirect quantification methods for consumer food waste by specifically 

applying Stochastic Frontier Analysis (SFA) to panel data. This approach facilitates a detailed 

examination of the socioeconomic factors influencing household food waste over time, providing 

comprehensive insights into the underlying dynamics. Employing balanced panel data from the 

China Health and Nutrition Surveys, our findings indicate an average household food waste rate 

of approximately 20%. We also explore the impact of heterogeneous family characteristics on food 

waste, revealing that households with refrigerators, a higher number of members and children, and 

those located in southern areas tend to have higher levels of waste. Conversely, no significant 

associations were found between household income and living in rural versus urban areas with 

respect to food waste rates. Our results offer evidence-based insights for program interventions 

aimed at reducing food waste. 

Keywords: Food Waste, Sustainable Development Goals, Stochastic Frontier Analysis, Food 

Security. 
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1. Introduction 1 

Addressing food loss and waste is critical to achieving the United Nations' Sustainable 2 

Development Goal of ensuring sustainable consumption and production patterns (United Nations, 3 

2015). According to the FAO report, global food waste amounts to 1.03 billion tons annually, 4 

accounting for about 17% of global food production. China is a populous country and agricultural-5 

dominated country. Global food production was 2722 billion kg, of which China’s output was 664 6 

billion kg, accounting for nearly a quarter of global food production in 2019 (FAO et al, 2020). 7 

Though total grain production has doubled over the past 40 years (Liu and Zhou, 2021), food 8 

security in China is threatened by urbanization, climate change, and limited water and land 9 

resources (Lam et al., 2013, Ghose, 2014). To reinforce food security, it’s essential not only to 10 

focus on increasing food production but also to minimize food loss and waste from the consumer 11 

demand side. 12 

Some research estimates the average food waste varies among Chinese provinces ranging 13 

from 12 to 33 kg/cap/yr, with a carbon footprint from 30 to 96 kg CO2e/cap/yr using a Bayesian 14 

Belief Network (BBN) model (Song et al., 2018). As China's economy grows and urbanization 15 

continues, food wastage, particularly in the restaurant sector, is projected to rise further 16 

(Gustavsson et al., 2011). Indeed, China's economy is projected to significantly shape global food 17 

waste trends in the coming decades, intensifying pressures on resource use (Lopez Barrera & 18 

Hertel 2021). The literature primarily identifies three methods for measuring household food waste: 19 

questionnaires and interviews, direct weighing, and inferring from secondary data, often 20 

employing a combination of these approaches for enhanced accuracy. For instance, the China 21 

Health and Nutrition Survey (CHNS) database shows 16 kg/capita of household food waste 22 

annually, equivalent to carbon, water, and ecological footprints of 40 kg CO2 eq., 18 m3, and 23 

https://documents.un.org/doc/undoc/gen/n15/291/89/pdf/n1529189.pdf?token=AegrUtwWEdf9NPCbOE&fe=true
https://documents.un.org/doc/undoc/gen/n15/291/89/pdf/n1529189.pdf?token=AegrUtwWEdf9NPCbOE&fe=true
https://books.google.com/books?hl=en&lr=&id=09zyDwAAQBAJ&oi=fnd&pg=PR1&dq=The+state+of+food+security+and+nutrition+in+the+world+2020.+transforming+food+systems+for+affordable+healthy+diets&ots=WMcjanlv2w&sig=-eT6hqmyh4upiF9ieo9nMKi4WIY#v=onepage&q=The%20state%20of%20food%20security%20and%20nutrition%20in%20the%20world%202020.%20transforming%20food%20systems%20for%20affordable%20healthy%20diets&f=false
https://scholar.google.com/scholar?as_ylo=2020&q=china+food+security&hl=en&as_sdt=0,44
https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(13)60776-X/abstract
https://onlinelibrary.wiley.com/doi/full/10.1002/fes3.48
https://www.sciencedirect.com/science/article/pii/S0959652618325824?casa_token=WxUKLOI6l4sAAAAA:OMMNkJxiydgJJiXy6tdzMS3ivasTp-7Mos6Yi67m_GiF6kqI1LVj8bPzKjL44MOo5s90w6ibtVU#bib49
https://www.madr.ro/docs/ind-alimentara/risipa_alimentara/presentation_food_waste.pdf
https://www.cpc.unc.edu/projects/china/data/questionnaires
https://www.cpc.unc.edu/projects/china/data/questionnaires


4 
 

173 gm2, respectively (Song et al., 2015). A direct-weighing method used in rural households in 24 

Shandong Province, China shows that the average amount of food waste generation is 7.25 kg per 25 

capita per rural household (Li et al., 2021), The urban restaurant’s food waste in China is 11 26 

kg/cap/year in 2015 (Wang et al., 2017) using direct weighing and field surveys. A survey-based 27 

method combined with the municipal Solid Waste data in Shenzhen City, China estimating the 28 

quantity of avoidable household food waste (Zhang et al., 2018). An alternative indirect method 29 

for estimating household food waste outside of China employs the Stochastic Production Frontier 30 

Approach (SFA), wherein food waste is characterized as input inefficiency, as demonstrated in 31 

studies by Yu and Jaenicke (2020) and Smith and Landry (2020). They treated household food 32 

consumption as a production process that transforms various types of food inputs, quantified by 33 

the gram weights of food acquired, into chemical energy necessary for human metabolic processes 34 

and physical activities. Food waste is subsequently identified as input inefficiency within this 35 

production framework, analyzed using a cross-sectional stochastic production frontier model as 36 

outlined by Aigner, Lovell, and Schmidt (1977) and Jondrow et al. (1982).  37 

Previous studies on household food waste in China have largely relied on direct methods 38 

such as weighing food waste in smaller households or survey-based methods in larger samples, 39 

which may suffer from recall bias and lack of nationwide representation. Our study first compares 40 

four different SFA methods for estimating household output-oriented food usage inefficiency and 41 

then advances this field by employing R.W. Shephard's Input Distance Function (IDF) from “Cost 42 

and Production Functions,” Princeton Univ. Press, Princeton, 1953 with True random-effect model 43 

(TRE) using balanced panel data to estimate food waste and get heterogeneous household waste 44 

behaviors. By conceptualizing household food consumption as a production process where food 45 

inputs are converted into chemical energy necessary for human metabolic processes and physical 46 

https://www.sciencedirect.com/science/article/pii/S0048969715301273?casa_token=TVYt9bsTuNAAAAAA:LIfjbsZvIIu0Nb72By8FXNVM3-n-ze9hYNha4nniRV9SAIRMq3WVnsWpXtzt3NxDLL6xKGTLH5M#bi0005
https://www.sciencedirect.com/science/article/pii/S0921344920305267?casa_token=hrxBRk_qhpsAAAAA:vxd5OOs3QqVVvamqjscHmZRUTh70O2rKjHXtoPAjhkjVoNoJugXtonJ11wElLbAyYD9t2bgeXzw#bib0079
https://www.sciencedirect.com/science/article/pii/S0956053X17302416?casa_token=V-0sRZS6fHcAAAAA:kxS0WG1nfwYL1u6gICLBOsSOT47j5UvpF44oj0zEl_y4RddloTpcXZOgu_TygEHy3SkS0ZYC658
https://www.sciencedirect.com/science/article/pii/S0956053X18303647?casa_token=VOETps6luUMAAAAA:wW-uTcc_jrcKlOJpfYnvAFu74m6hbW7R0sCK4At3n2GwCJEVdVp3etP-2ogBGaFmN9deOoJWM8o
https://onlinelibrary.wiley.com/doi/full/10.1002/ajae.12036?casa_token=OR3M4D7bxwUAAAAA%3A0UZC0YL_N50-OQ-qP143ayaM1o20ou63lPEfSEDXNXwYVhB37Y5DG1ohAzcERSQ-_OowYEYCR6KceCQ
https://onlinelibrary.wiley.com/doi/full/10.1111/ajae.12145?casa_token=YoCCYGBvBPYAAAAA%3ANi6724InW8U8v6ZmHFUrLaQAA1mO_Zh1zYcSjWdLsiQhIMJJeuj_IgB3lxghQqxHrT91R-5fm3biSo8
https://www.sciencedirect.com/science/article/abs/pii/0304407677900525
https://www.sciencedirect.com/science/article/abs/pii/0304407682900045
https://press.princeton.edu/books/hardcover/9780691647524/theory-of-cost-and-production-functions
https://press.princeton.edu/books/hardcover/9780691647524/theory-of-cost-and-production-functions
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activities. Unlike traditional Stochastic Frontier Analysis (SFA) production function, which 47 

assesses food usage efficiency based on household members' total energy expenditure (TEE)—an 48 

output influenced by diet but not immediately reflective of short-term dietary changes—IDF offers 49 

a nuanced perspective by considering how much food is required based on households' TEE. IDF 50 

also doesn’t assume the same inefficiency rate of each input transferring from output-oriented 51 

inefficiency. This indirect measurement method not only reduces biases inherent in direct and 52 

survey methods but also provides a more accurate and focused evaluation of input-oriented 53 

technical inefficiencies directly, epitomized by food waste.  54 

Our study enhances the existing literature in three distinct ways. First, it advances the 55 

methodologies for indirectly quantifying household food waste by integrating Stochastic Frontier 56 

Analysis (SFA) into a panel data setting. This approach provides a deeper understanding of the 57 

dynamic relationship between household characteristics and food waste over time. By applying 58 

this methodology to a balanced panel from the CHNS database, our research offers new insights 59 

into the indirect quantification of household food waste within China, an economy projected to 60 

significantly shape global food waste trends in the coming decades. Finally, our study explores the 61 

relationship between household heterogeneity and varying levels of food waste, thereby providing 62 

a comprehensive national perspective previously lacking in previous studies of Chinese food waste. 63 

Through this analysis, we identify critical socioeconomic factors associated with increased 64 

household food waste in China. These insights are vital for policymakers and support the 65 

development of targeted strategies to reduce food waste at the household level. 66 

The rest of the paper is organized as follows: the next section presents the model 67 

specification and econometric approach, followed by the description of the data and main results, 68 
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including distinguishing the determinants of food waste from household demographic 69 

characteristics. 70 

2. Methodology 71 

Current research on household food waste estimation in China p predominantly utilizes direct 72 

weighing methods for smaller households or interview surveys for larger samples. However, these 73 

approaches may be prone to selection bias or reliability issues. Our study applies a novel 74 

production function approach to assess input efficiency, conceptualizing household food 75 

consumption as a production process. We have employed the Translog Input Distance Function 76 

(IDF) to ascertain the minimum quantity of purchased food necessary to sustain a specified level 77 

of basal metabolic rate (BMR) and physical activity (PA). 78 

Our methodology commences with the evaluation of four distinct stochastic frontier 79 

analysis (SFA) production models for panel data: the fixed-effect (FE) model, the random-effect 80 

(RE) model, the time-variant random-effect (TVD) model, and the true random-effect (TRE) 81 

model. Notably, these models are configured to quantify only output-oriented inefficiency. 82 

Following this initial phase, we integrate the translog input distance function with the best SFA 83 

model TRE to investigate input inefficiency, specifically in the context of household food waste. 84 

Furthermore, our analysis incorporates nine demographic variables to enhance our understanding 85 

of household food waste determinants. Compared with the study of Yu and Jaenicke (2020) and 86 

Smith and Landry (2020), our approach differentiates between time-invariant household 87 

heterogeneity and time-variant technical inefficiency and helps clarify how various determinants 88 

impact technical inefficiency in household food waste. 89 

2.1 Four SFA Production Models Comparison 90 
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Schmidt and Sickles (1984) were pioneers in establishing a comprehensive framework for 91 

extending the cross-sectional stochastic frontier model to panel data analysis using conventional 92 

fixed-effect (FE) and random-effect (RE) models. 93 

𝑦!" = 𝛽# + 𝑥!"$ 𝛽 + 𝑣!" − 𝑢! ,			𝑖 = 1,… , 𝑛, 𝑡 = 2004, 2006, 𝑎𝑛𝑑	2009,															(1) 94 

𝑣!"	~!!% 	𝒩(0, 𝜎&' ) 95 

Where 𝑦!" 	 ∈ 	ℛ(
)   is the household 𝑖$𝑠 total energy expenditure (TEE) which is the sum of 96 

each member’s BMR multiplied by PA level in year t. 𝑥!" 	 ∈ 	ℛ(
*  is energy of each purchased food 97 

group of household 𝑖  in year 𝑡 . 𝑣!"  is the regular error term, while the unobserved individual 98 

heterogeneity, 𝑢! ≥ 0 represents the time-invariant technical inefficiency for each household.  99 

First, assuming that 𝑢! is a fixed variable and not correlated with 𝑣!" and 𝑥!"$ , fixed-effect 100 

production model is:  101 

𝑦!" = 𝛼! + 𝑥!"$ 𝛽 + 𝑣!"																																																																	 (2) 102 

Then the technical inefficiency can be estimated as 𝑢+A = max(𝛼+A 	) −	𝛼+A ≥ 0.		 103 

Next, if 𝑢! is assumed to be random and uncorrelated with the frontier regressors and 𝑣!", 104 

the Random-Effect production model is: 105 

𝑦!" = 𝛽#∗ + 𝑥!"$ 𝛽 + 𝑣!" − 𝑢!∗ = 𝑐! + 𝑥!"$ 𝛽 + 𝑣!"                                       (3) 106 

Where 𝛽#∗ = 𝛽# − 𝐸(𝑢!), 𝑢!∗ =	𝑢! − 𝐸(𝑢!), 𝐸(𝑢!) ≥ 0,	 𝑐! =	𝛽#∗ − 𝑢!∗ =	 𝛽# − 𝑢! . 107 

Then a consistent estimator of technical inefficiency as 𝑢+A = max(𝑐+A	) −	𝑐+A ≥ 0. 108 

The time-invariant fixed- and random-effect in estimating the technical inefficiency is 109 

usually unrealistic for long panel data sets. Kumbhakar (1990) provided a time-varying 110 

inefficiency model with a distribution assumption in 𝑢!"  which changes over time and across 111 

individuals. The 𝑢! component is individual-specific, and the left component is time-varying and 112 

is common for all individuals. The estimator of inefficiency can be derived as the conditional mean 113 

https://www.tandfonline.com/doi/pdf/10.1080/07350015.1984.10509410?casa_token=rXqdBTD_Dr0AAAAA:tbH32NTWWnCt3AHBGcrzcqaKTdGLTholUIwS9EBbEp3nx75-48UoIL6W0IWL-2b0kWAIuwMr4KRkFw
https://www.sciencedirect.com/science/article/abs/pii/030440769090055X
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from the conditional distribution, i.e., 𝑢!"= E(𝑢!" |𝜀!") [see Jondrow et al. (1982) for a detailed 114 

discussion]. 115 

𝑦!" = 𝛽# + 𝑥!"$ 𝛽 + 𝑣!" − 𝑢!" =	𝛽# + 𝑥!"$ 𝛽 + 𝜀!" 116 

𝑢!" = (1 + exp(𝑎𝑡 + 𝑏𝑡'))-)𝑢! , 117 

𝑢! 	~!!% 	𝒩((0, 𝜎.'), 118 

𝑢+"L = 	𝐸[𝑢!"|𝜀!"]																																																																		(4) 119 

However, the technical inefficiency in the above models confounds with all time-invariant 120 

unobserved individual effects. Greene (2005a, b) proposed a “true random-effect” stochastic panel 121 

data model that disentangles unobserved individual differences 𝛼! 	 from transient technical 122 

efficiency. The estimated inefficiency can be derived as 𝑢!"= E(𝑢!" |𝜀!"). 123 

𝑦!" = 𝛼! + 𝑥!"$ 𝛽 + 	𝑣!" −	𝑢!" = 𝛼! + 𝑥!"$ 𝛽 + 𝜀!" , 124 

𝑣!"	~!!% 	𝒩(0, 𝜎&"' ), 125 

𝑢!"	~!!% 	𝒩((0, 𝜎.!"' ), 126 

𝑢+"L = 	𝐸[𝑢!"|𝜀!"]																																																																					(5) 127 

We got the input-oriented inefficiency from these four production models by applying the translog 128 

form production function. 129 

2.2 Translog input Distance function 130 

Next, we employed a True Random Effects (TRE) production model in conjunction with an 131 

Inefficiency Distribution Function (IDF) to calculate Household Input-Oriented Inefficiency. This 132 

approach eschews the assumption of uniform technical inefficiency across all food groups, 133 

acknowledging that food purchasing behavior depends on Total Energy Expenditure (TEE). IDF 134 

measures the minimum input quantities required to produce a given level of output, indicating how 135 

much a household could proportionally reduce all food purchasing while still supporting the same 136 

https://www.sciencedirect.com/science/article/abs/pii/0304407682900045
https://link.springer.com/article/10.1007/s11123-004-8545-1
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TEE level. It is expressed as 𝐷/(𝑦, 𝑥) = max
0
{ 𝜆|𝑓 T1

0
U ≥ 𝑦}. Since the input distance function is 137 

homogeneous of degree one in 𝑥, it can be rewritten as 2
1!
= 𝑓(1"

1!
, … , 1#

1!
, 𝑦). After taking log of 138 

both sides, we obtain 139 

𝑙𝑛𝐷/ − 𝑙𝑛𝑥) = 𝛽# +X𝛽3𝑙𝑛
4

35'

𝑥Y3 + X 𝛾6𝑙𝑛
7

365)

𝑦6 + 140 

1/2[∑ 𝑗 ∑ 𝛽38𝑙𝑛𝑥Y3𝑙𝑛𝑥Y8 +8 ∑𝑚∑ 𝛾69𝑙𝑛𝑦6𝑙𝑛𝑦9 + ∑ 𝑗∑ 𝛿36𝑙𝑛𝑥Y3𝑙𝑛𝑦6]69 ,              (6) 141 

Where 𝑥Y = T1"
1!
, … , 1#

1!
U 𝑎𝑛𝑑	𝛽38 = 𝛽83 	𝑎𝑛𝑑		𝛾69 = 𝛾96.	 142 

Denoting 𝑙𝑛𝐷/ = 𝑢 ≥ 0  and taking it to the right-hand side of the equation, we get an 143 

estimable equation in which the error term is v-𝑢. Thus, one can use the standard translog TRE 144 

production function approach to estimate this model. 145 

−𝑙𝑛𝑥!,)," = 𝛼! +X𝛽3𝑙𝑛
4

35'

𝑥Y!,3," + 𝛾6𝑙𝑛𝑦 146 

1/2[∑ 𝑗 ∑ 𝛽38𝑙𝑛𝑥Y!,3,"𝑙𝑛𝑥Y!,8," +8 ∑ 𝑗 𝛿3𝑙𝑛𝑥Y!,3,"𝑙𝑛𝑦 +	v!" − u!", 147 

𝑇𝐸!" = 1/𝑑/ = exp	(−u!"), 148 

𝑇𝐼𝐸!" = 1 − 	𝑇𝐸!"                                                        (7) 149 

Where 𝑥!,)," is the first food group; 𝑥Y!,3," are the second and third food group after divided by 𝑥!,),"; 150 

𝑦 is the household daily total energy expenditure.  151 

2.3 Determinants of Inefficiency in IDF model 152 

We further expanded the IDF model to examine the impact of exogenous determinants on technical 153 

inefficiency by employing Caudill et al. (1995) model under the assumption of inefficiency’s 154 

variance,  155 

𝑢!"	~!!% 	𝒩((0, 𝜎.!"' ), 156 

https://www.tandfonline.com/doi/abs/10.1080/07350015.1995.10524583?casa_token=DiHb8xiUVAkAAAAA:I3DxyLephnm5rjLKbwTNkuBHfWSRrGEs5L8UBdmUjH-kdmije4nzFcF74LtG5uc4a5vM2a-PivI4ug
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𝜎.!"' =	exp	(𝑧′!"𝜎)                                                         (8) 157 

  158 
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3. Data and Variables 159 

3.1 Data description and definition of variables 160 

3.1.1 Data 161 

Our study employs data sourced from the China Health and Nutrition Survey (CHNS), a 162 

longitudinal household-based survey established in 1989. The CHNS is jointly conducted by the 163 

National Institute of Nutrition and Food Safety at the Chinese Center for Disease Control and 164 

Prevention, along with the Carolina Population Center at the University of North Carolina at 165 

Chapel Hill. The survey encompasses nine provinces: Heilongjiang, Liaoning, Jiangsu, Shandong, 166 

Henan, Hubei, Hunan, Guangxi, and Guizhou. Our analysis specifically utilized data from three 167 

survey rounds (2004, 2006, and 2009). Following rigorous data-cleaning procedures, we retained 168 

a consistent cohort of 808 households. The variables of interest included household total Basal 169 

Metabolic Rate (BMR), levels of physical activity, average daily food purchases, and 170 

comprehensive demographic details for each household. Table 1 shows the summary statistics of 171 

all variables. 172 

3.1.2 Variables Description 173 

(A) Output variables. 174 

Our dependent variable is household Total energy expenditure (TEE) is calculated as the sum of 175 

each household member’s BMR (Kcal/cap/day) multiplied by their physical activity level (PAL). 176 

People’s BMR is approximately equal to the individual's daily energy expenditure (Kcal) during 177 

sleep. Table 3.1 shows the equations for the prediction of BMR incorporating age and sex-178 

specific data on height (m) and weight (kg) from NCD Risk Factor Collaboration (NCD-RisC).  179 

  180 

http://www.cpc.unc.edu/projects/china
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Table 3.1 Equations for the prediction of basal metabolic rate in adults 

  Age range  Estimated BMR in kcal/day 

  10-18  16.6W + 77H + 572 

Male 

 18-30  15.4W - 27H + 717 

 30-60  11.3W + 16H + 901 

 > 60  8.8W + 1 128H - 1 071 

  10-18  7.4W + 482H + 217 

Female 

 18-30  13.3W + 334H + 35 

 30-60  8.7W - 25H + 865 

 > 60  9.2W + 637H – 302 

  1  1200 

Boy 

 2  1410 

 3  1560 

 4  1690 

 5  1810 

 6  1900 

 7  1990 

 8  2070 

 9  2150 

  1  1140 

Girl 

 2  1310 

 3  1440 

 4  1540 

 5  1630 

 6  1700 

 7  1770 

 8  1830 

 9  1880 

Source: FAO/WHO/UNU (1985). Basal metabolic rate (BMR) data is computed from age 

and sex-specific data on height (H) and weight (W) form NCD Risk Factor Collaboration 

(NCD-RisC). Parameters in table 3.1 are to estimate the BMR for individuals at a given age, 

gender, weight and height. 
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People’s physical activity level (PAL) is categorized into four levels, light PA (1.55), 181 

moderate PA (1.76), and heavy PA (2.25) (FAO/WHO/UNU, 1985). For no working ability, we 182 

defined it as 1.  183 

  184 
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(B) Input variables. 185 

The interviewers measured the household consumption (in grams) of 21 diverse food 186 

categories across three consecutive days and recorded them in the survey. We categorized them 187 

into three major food groups according to their nutritional characteristics. Subsequently, the 188 

quantities were converted into caloric content using the 'Chinese Food Composition Table,' which 189 

was published in 2002 and employed in the CHNS surveys of 2004, 2006, and 2009. These groups 190 

served as our independent variables. 191 

The first food group, Carbohydrates, serves as the primary energy source and includes 192 

cereals, legumes, vegetables, and fruits. The second group encompasses proteins and fats, featuring 193 

meats, poultry, dairy products, seafood, and fats and oils. The third group consists of miscellaneous 194 

items such as snacks, beverages, infant foods, condiments, and medicinal edibles.  195 

(C) Inefficiency determinant variables 196 

We incorporated nine demographic variables to capture the diverse determinants of technical 197 

inefficiency across households. Region differentiates Northern and Southern provinces, delineated 198 

by the Qinling Mountains and the Huaihe River, with the North including Liaoning, Heilongjiang, 199 

Shandong, and Henan, and the South comprising Jiangsu, Hubei, Hunan, Guangxi, and Guizhou. 200 

Rural-urban classification identifies areas as rural or urban. Household Size measures the number 201 

of members per household. Storage Facilities indicates the presence (value 1) or absence (value 0) 202 

of a refrigerator. The number of Children and Number of Elderly Individuals count those under 18 203 

and over 60, respectively. Household total gross income is adjusted for 2015 inflation rates. 204 

Education Level of Household Head and Education Level of Main Female Household Member 205 

record educational attainment, with levels of no education, grad from primary, lower middle school 206 
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degree, upper middle school degree, technical or vocational degree, university or college degree, 207 

and master’s degree or higher. 208 

Table 3.2 Descriptive statistics of the variables used in the analysis. 

The statistical description of the data in Year 2004 

 Variable Mean Standard deviation Minimum value  Maximum value 

Output     

 SumTEE (Kcal/day) 6334.27 2891.68 1229.20 12565.06 

Input     

 FoodGroup1(Kcal/day) 4092.83 4052.17 10.37 79436.96 

 FoodGroup2 (Kcal/day) 1481.20 1283.70 29.90 19850 

 FoodGroup3 (Kcal/day) 224.93 435.58 0.37 4805.60 

Demographic Determinants 

 North(0)-South(1) 0.48 0.50  0 1 

 Rural(1)-Urban(2) 1.82  0.38  1 2 

 Total Members 2.63  1.10 1 7 

 Refrigerator 0.32  0.47 0 1 

 Kid 0.49 0.68 0 4 

 Elder 0.39 0.68 0 2 

 Total Gross Income (Yuan) 25646.61 28032.86 0 549085.7 

 Head Education 1.65 1.20  0 5 

 Main Female Education 1.48  1.21  0 5 

The statistical description of the data in Year 2006 

 Variable Mean Standard 

deviation 

Minimum value Maximum value 

Output    

 SumTEE (Kcal/day) 6269.77 2761.27 1519.47 22777.29 

Input    

 FoodGroup1(Kcal/day) 3438.60 2597.81  257.36 53832.39 

 FoodGroup2 (Kcal/day) 1468.04 1102.65 44.95 22327.20 

 FoodGroup3 (Kcal/day) 228.65 434.94  1.05 3813.83 

Demographic Determinants 
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 North-South 0.49 0.50  0 1 

 Rural-Urban 1.82  0.38  1 2 

 Total Members 2.41  1.05 1 8 

 Refrigerator 0.38 0.49 0 1 

 Kid 0.35 0.59 0 3 

 Elder 0.43  0.71  0 2 

 Total Gross Income (Yuan) 29066.33 35445.58 0 370338.5 

 Head Education 1.66 1.29  0 5 

 Main Female Education 1.45  1.29 0 5 

 209 

The statistical description of the data in Year 2009 

 Variable Mean Standard 

deviation 

Minimum value Maximum value 

Output     

 SumTEE (Kcal/day) 6178.205 2950.40 1063.68 24117.01 

Input     

 FoodGroup1(Kcal/day) 3443.244 3220.38  78.82  51539.76 

 FoodGroup2 (Kcal/day) 1752.211 2542.73  27.92 47004.92 

 FoodGroup3 (Kcal/day 252.889 480.93 1.05 5411.75 

Demographic Determinants 

 North-South 0.49 0.50  0 1 

 Rural-Urban 1.82  0.38  1 2 

 Total Members 2.43  1.16  1 10 

 Refrigerator 0.55 0.50 0 1 

 Kid 0.29  0.58 0 1 

 Elder 0.54 0.77 0 3 

 Total Gross Income (Yuan) 44817.13 62403.44 0 822602.7 

 Head Education 1.55  1.29 0 5 

 Main Female Education 1.45  1.30 0 5 

Table 3.2 presents a statistical summary of the output variable, input variables, and household 

demographic information included in our models for each year. It details characteristics of the 

sampled households, providing each variable's mean, standard deviation, minimum, and 
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maximum values. Notably, the trend in total household energy expenditure (SumTEE) shows a 

decrease from 2004 to 2009. During the same period, food consumption shifted, with 

carbohydrate intake (FoodGroup 1) decreasing and protein consumption (FoodGroup 2) 

increasing. Consumption from FoodGroup 3 remained consistent. Our sample indicates that 

households were equally selected from both North and South China. The ratio of rural to urban 

households was 4:1, reflecting the population distribution in China during the survey period. 

Additionally, the data reveals a continuous increase in household total gross income, which 

correlates with the rising prevalence of refrigerator ownership. The average number of children 

per household consistently decreased, while the number of elders increased. There were no 

significant changes in the educational levels of the household head and the main cooking female. 

4. Empirical Results 210 

4.1 Output-oriented inefficiency estimates. 211 

Table 2 shows the parameter estimates of the four distinct production models. Most all the 212 

estimated coefficients are positive and significant at the 1% significance level across the four 213 

models. The result can be explained that a household increases food group 1’s consumption by one 214 

percent, the TEE will increase by 0.372% (FE), 0.279% (RE), 0.355% (TVD) and 0.346% (TRE); 215 

if a household increases food group 2’s input by one percent, the TEE will increase by 0.106% 216 

(FE), 0.0889% (RE), 0.0986 (TVD) and 0.0998% (TRE); and if a household increases food group 217 

3’s inputs by one percent, the TEE will increase by 0.0210% (FE), 0.0113% (RE), 0.0188% (TVD), 218 

and 0.0180% (TRE). The elasticities with respect to food groups 1 and 2 are considerably larger, 219 

while those for food group 3 are relatively small across all four models. This indicates that 220 

carbohydrates and proteins significantly contribute to household energy expenditure, whereas 221 

other food groups do not. 222 

  223 
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Table 4.1 Estimate parameters of the stochastic frontier production in different models. 

 
RE FE TVD TRE 

Parameters SumTER SumTER SumTER SumTER 

FOODGROUP1 0.372*** 0.279*** 0.355*** 0.346*** 

 
(31.72) (20.56) (29.81) (28.41) 

FOODGROUP2 0.106*** 0.0889*** 0.0986*** 0.0998*** 

 
(10.67) (7.76) (10.20) (10.47) 

FOODGROUP3 0.0210*** 0.0113* 0.0188*** 0.0180*** 

 
(4.97) (2.32) (4.52) (4.38) 

_cons 4.843*** 5.748*** 5.327*** 5.384*** 

 
(51.32) (51.45) (51.40) (48.96) 

     
Bt 

    
b 

  
-2.101*** 

 

   
(-3.74) 

 
c 

  
0.269 

 

   
(1.45) 

 
Usigma 

  
0.153*** -2.115*** 

   
(7.58) (-18.16) 

Vsigma 
  

0.0744*** -3.479*** 

   
(28.34) (-22.47) 

     
Theta 

   
0.221*** 

    
(23.75) 

N 2424 2424 2424 2424 

∗ :	𝜌 < 0.1 ∗∗ :	𝜌 < 0.05	 ∗∗∗ :	𝜌 < 0.01  

Note: The parameters in this table are the result from each SFA model after log 

transformation of each variable with observation of 808 in each year and 2424 totally. 
 

 224 

As discussed by Kumbhakar (1990), when we consider the time trend of technological 225 

change. Model TVD demonstrates that inefficiency is associated with time 𝑡 but not with time 𝑡-226 



19 
 

square, indicating the impact of technological changes over time. Table 3 showcases the estimated 227 

output-oriented inefficiency levels in household food usage. It's important to note that the Fixed 228 

Effects (FE) and Random Effects (RE) models assume efficiency to remain constant over time, 229 

with the most efficient household considered as 100% efficient. Conversely, in the Time-Varying 230 

(TVD) and True Random Effects (TRE) models, efficiency is presumed to fluctuate over time. 231 

The relatively elevated inefficiency levels observed in the FE and RE models could be 232 

partially attributed to their misclassification of inefficiency as time-invariant. Additionally, these 233 

models capture unobserved firm-specific time-invariant effects, which may not necessarily 234 

correlate with inefficiency. Consequently, the inefficiency estimates derived from the FE and RE 235 

models are likely overstated with an inefficiency rate of about 25% and 10% more in FE and RE 236 

than TVD and TRE. Only the TRE model effectively distinguishes technical inefficiency from 237 

unobserved individual heterogeneity, resulting in the lowest technical inefficiency estimate. 238 

Table 4.2 Output-Oriented Inefficiency (%) from Different Models by Year 

 RE FE TVD TRE 

2004 35.14 53.04 26.70 25.94 

2006 35.14 53.04 29.99 27.15 

2009 35.14 53.04 30.68 29.58 

 239 

4.2 Input-oriented inefficiency estimates. 240 

Table 4 presents the estimators of the IDF within the TRE model. This model computes the input-241 

oriented inefficiency based on the premise that a household’s total required energy dictates food 242 

purchases, rather than food purchases determining total energy expenditure. This approach is 243 

particularly relevant in China, a country rich in agricultural production. Additionally, the TRE 244 
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model effectively distinguishes between time-varying inefficiency and household-specific 245 

heterogeneity, thereby providing a deeper insight into the dynamics of household behavior.  246 

Since the dependent variable is negative in food group 1. The results show a positive but 247 

statistically insignificant relationship between household total energy expenditure (TEE) and food 248 

group 1 spending, indicated by a coefficient of 0.4994 with a standard error of 0.4455. Conversely, 249 

expenditure on food group 2 (FG2) displays a negative and statistically significant relationship 250 

with food group 1 spending, as evidenced by a coefficient of 0.8399 and marked statistical 251 

significance (p < 0.01), suggesting that increases in spending on food group 2 are associated with 252 

decreases in spending on food group 1. This observation aligns with practical expectations that at 253 

the same energy expenditure level, increased protein consumption typically corresponds with 254 

reduced consumption of cereals and starches. Meanwhile, expenditure on food group 3 (FG3) has 255 

a negative but statistically insignificant coefficient of 0.1002, indicating a weaker and uncertain 256 

association with food group 1 spending. 257 

Table 4.3 Estimated parameters of the stochastic frontier production function at full sample 

Parameters TRE 

𝛽;<< -0.4994 

 (0.4455) 

𝛽=>' 0.8399*** 

 (0.1958) 

𝛽=>?	 0.1002 

	 (0.0915) 

𝛽=>'_'	 0.1588*** 

	 (0.0156) 

𝛽=>?_'	 -0.0182*** 

	 (0.0062) 
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𝛽=>?_?	 0.0314*** 

	 (0.0046) 

𝛽;<<_'	 -0.0551** 

	 (0.0231) 

𝛽;<<_?	 0.0069 

	 (0.0108) 

𝛽;<<_;<< 	 -0.0398 

 (0.0526) 

𝜎.	 0.3051*** 

𝜎&	 0.3200*** 

𝜆	 0.3961*** 

Observations 2424 

Number of Firms 808 

∗ :	𝜌 < 0.1 ∗∗ :	𝜌 < 0.05	 ∗∗∗ :	𝜌 < 0.01  

The numbers in parentheses are the standard deviation of each parameter.  

The parameters in this table are from the IDF function with TRE model. 𝛽;<< is the parameter 

of household total energy relative to the dependent variable FoodGroup 1. 	

𝛽=>'	𝑎𝑛𝑑	𝛽=>? 	are	 the	 parameter	 of	 FoodGroup	 2	 and	 FoodGroup	 3.	 βABC_D 	are	 the	

parameters	of	interactions	between	each	pair	independent	variable. 

 258 

In Table 4.4, we estimated the household food waste rate in China in 2004, 2006, and 259 

2009, which are 21.39%, 20.51%, and 21.55%.  260 

 261 

Table 4.4 Household Average Food Waste Rate (%) by Year  

2004 21.39 

(0.0678) 

2006 20.51 

(0.0572) 
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2009 21.55 

(0.0691) 

Note: The numbers in parentheses are the standard deviation 

of each parameter.  

 262 

 263 

Figure 4.1 

Note: These density plots show the estimated household food waste rate from IDF with TRE 

by year with mean of 21.39% in 2004, 20.51% in 2006, and 21.55% in 2009 with significant 

difference between 2004 and 2006, 2006 and 2009. But the food waste rate difference are 

small with fluctuation. 

 264 

Pairwise t-tests were conducted to assess the average household food waste across three 265 

survey years: 2004, 2006, and 2009. The results indicate statistically significant differences in the 266 

mean levels of food waste between 2004 and 2006 (p = 0.0050) and between 2006 and 2009 (p = 267 
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0.0010). However, the annual food waste rates were relatively stable: 21.39% in 2004, 20.51% in 268 

2006, and 21.55% in 2009. These findings suggest only minor fluctuations, indicating no 269 

significant change in household-level food waste in China over the five-year period. 270 

4.3 Inefficiency Determinants Estimation 271 

To investigate the effects of exogenous factors on technical inefficiency, utilized the approach 272 

proposed by Caudill et al. (1995), which proposed specifying the variance of the inefficiency 273 

distribution in the model (8). As shown in Appendix 1.5, geographic living location (south or north) 274 

in Figure 4.2, possession of a refrigerator in Figure 4.3, and number of children in the household 275 

in Figure 4.4—significantly impact food waste. Specifically, households in the south, those with a 276 

refrigerator, and those with more children tend to produce more food waste.  277 

Households possessing refrigerators overall waste more food typically but exhibit a higher 278 

minimum and a lower maximum food waste threshold due to improved storage conditions. The 279 

increase in the lower limit of food waste can be attributed to several factors. First, the presence of 280 

a refrigerator often signifies a household's financial capability to purchase food in bulk, which, 281 

while economically advantageous, may lead to over-purchasing. Consequently, the convenience 282 

of having a variety of food options readily available can alter eating habits, resulting in food being 283 

overlooked or stored beyond its peak freshness, despite the preservation benefits offered by 284 

refrigeration. However, a refrigerator can improve food storage conditions and extend shelf life 285 

for large food purchases, which lowers the food waste maximum threshold. 286 

 287 
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 288 

Figure 4.2 These box plots show household food waste distribution in North and South China 

by year. The average rates are significantly different with 20.40% in North China and 21.22% 

in South China. 

 289 

 290 
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Figure 4.3 These box plots show food waste distribution of households with different storage 

conditions. By using having refrigerators as an indicator, the average food waste rates are 

significantly different with 20.9% for households without refrigerator and 21.50% for 

households having refrigerators. 

 291 

 292 

Figure 4.4 These box plots show the food waste distribution for households with different 

number of kids by year. The differences are significant among no kid (20.98%), one kid 

(21.49%), and two and two more kids (21.51%). 

 293 

The number of members in a household as shown in Figure 4.5 suggests that an increase 294 

in household size tends to lead to more food waste, although this effect is not always pronounced.  295 
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 296 

Figure 4.5 These box plots show the household food waste rate distribution by year. With more 

members, the rate is significant larger. 

 297 

Other examined factors including education (Figures 4.6 and 4.7), income (Figure 4.8), 298 

living in rural or urban areas (Figure 4.9), and elder people numbers (Figure 4.10) did not show 299 

significant results in T-tests, indicating no discernible impact on food waste from these variables.  300 
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 301 

Figure 4.6 These box plots show the food waste distribution for household with different 

educated household head by year. The differences are not significant among the households 

with head without receiving education, receiving high school and lower education, and higher 

education than high school. 

 302 
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 303 

Figure 4.7 These box plots show the food waste distribution for household with different 

educated main cooker by year. The differences are not significant among households with the 

main cooker without receiving education, receiving high school and lower education, and 

higher education than high school. 

 304 

Regarding the lack of significant influence of increasing income on food waste change, it 305 

suggests a complex interplay between financial resources and food consumption behaviors. As 306 

household income rises, there might be an initial increase in food waste due to greater purchasing 307 

power allowing for more abundant and varied food buying, often in larger quantities than needed. 308 

However, higher income levels also often correlate with high-quality food purchasing and 309 

increased food awareness, better access to food preservation technology and information, and more 310 

substantial engagement in sustainable practices. Thus, any initial increase in waste might be offset 311 

by more efficient food management as income continues to grow, leading to a plateau or even a 312 

decrease in food waste at higher income levels. This reflects a possible transition from quantity-313 
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focused to quality-focused food consumption behaviors as economic conditions improve. However, 314 

each year, the density plots consistently reveal that households in the middle-income bracket waste 315 

more food than those in both the lower and higher-income groups. 316 

 317 

Figure 4.8 These density plots show the food waste rate for household with different total 

household gross income by year. Note, the income calculated by log. There is a trend that with 

income increases, the food waste will go up and then begin to drop. However, the TRE model 

didn’t show income as a significant determinant influencing household food waste.  
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 318 

Figure 4.9 These box plots show household food waste distribution in Urban and Rural China 

by year. Average rate is 20.81% in Urban China and 21.94% in Rural China. 

 319 

 320 
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Figure 4.10 These box plots show the food waste distribution for household with different 

elders by year. The differences are not significant among groups. 

 321 

 322 

5.  Discussion and Limitation 323 

The analysis presented in this study has highlighted significant insights into household food waste 324 

dynamics within China, underscoring the influence of household characteristics on waste levels. 325 

The application of the Input Distance Function (IDF) within the True Random-Effect (TRE) model 326 

has demonstrated that not all household characteristics impact food waste equally. Notably, factors 327 

such as geographic location, presence of refrigeration, and number of children play significant 328 

roles. Households in the south, those equipped with refrigerators, and larger families tend to exhibit 329 

higher levels of waste. This suggests that interventions aimed at reducing food waste in China 330 

should consider regional and household-specific strategies. 331 

However, the finding that other demographic variables, such as income and education level, 332 

did not show significant effects on food waste suggests complexities that might require deeper 333 

investigation into cultural habits or more refined data collection methods. The study also reaffirms 334 

the utility of the stochastic frontier approach (SFA) in analyzing inefficiencies within household 335 

food consumption, aligning with previous research that suggests household food waste can be 336 

viewed through the lens of production inefficiency. 337 

Our results should be interpreted in the context of several potential limitations. For instance, 338 

a notable limitation of the True Random Effects (TRE) model is its potential to conflate household-339 

specific heterogeneity with time-invariant structural inefficiency. Consequently, the presence of a 340 

time-invariant component of inefficiency, alongside a time-varying element, may lead the TRE 341 
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model to underestimate total inefficiency and, as a result, overestimate technical efficiency. Future 342 

research will aim to differentiate persistent inefficiency from time-invariant household 343 

heterogeneity. Furthermore, the model currently aggregates food waste across all food groups 344 

without specifying the waste attributable to each category. Future studies would benefit from using 345 

more recent, extended temporal data to examine household food waste dynamics in China more 346 

thoroughly. 347 

6.  Conclusion 348 

This research enhances the existing literature on indirectly estimating household-level food waste. 349 

Previous studies have utilized Stochastic Frontier Analysis (SFA) within the literature to impute 350 

food waste as an inefficiency in household production functions using cross-sectional data. In this 351 

study, we extend the application of these methodologies by introducing SFA into panel data 352 

settings. Specifically, in this study we quantify the technical inefficiency of the China household 353 

food usage inefficiency using a panel dataset over the years of 2004, 2006, and 2009. We contrast 354 

four distinct stochastic frontier production models, specifically, conventional fixed-effects (FE), 355 

random-effects (RE), Time-variant random-effect (TVD), and “true” random-effect (TRE) models. 356 

The results indicate that inefficiency estimates are sensitive to model specifications of household 357 

unobserved heterogeneity. The conventional FE and RE models appear to overestimate the 358 

inefficiency since the inefficiency is time-variant and household-specific unobserved 359 

heterogeneity is confounded with the inefficiency term.  360 

Considering the suitability of the TRE model for estimating the household output-oriented 361 

technical inefficiency, we integrate it with IDF to estimate the input-oriented efficiency, i.e., 362 

household food waste. Our results suggest modest changes in household-level food waste rate from 363 
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2004 to 2009 in China. This temporal analysis facilitates an examination of the socio-economic 364 

dynamics influencing varying degrees of household food waste across the region. 365 

Our findings highlight key socioeconomic factors linked to higher levels food waste at the 366 

household level in China, offering crucial insights for policymakers and intervention strategies 367 

dedicated to mitigating food waste. Refrigerators’ prevalence, kids number increase, and the eating 368 

habits difference between North and South China are the main factors associated with higher 369 

degrees of household food waste. The findings are particularly relevant for policymakers and 370 

stakeholders in designing targeted interventions that address the specific needs of diverse 371 

households. Moving forward, addressing food waste will contribute to broader environmental 372 

sustainability and food security goals in China and potentially other similar contexts globally.373 
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Appendix 1.1 Output-oriented inefficiency density plots from different models 
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Appendix 1.2  Two-sample t test with equal variances (2004 and 2006) 

 

Group Obs Mean Std. err.    Std. dev.    [95% conf. interval] 

 

2004 808 .2138843     .0023868     .0678456     .2091993    .2185694 

2006 808 .2050981     .0020137     .0572401     .2011454    .2090508 

Combined 1616 .2094912     .0015647     .0629015     .2064221    .2125603 

diff  .0087862     .0031228  .0026611    .0149114 

diff = mean(2004) - mean(2006)                          t =   2.8136 

H0: diff = 0                                                           Degrees of freedom = 1614 

 

Ha: diff < 0                     Ha: diff != 0                 Ha: diff > 0 

Pr(T < t) = 0.9975          Pr(|T| > |t|) = 0.0050     Pr(T > t) = 0.0025 

 

 

Appendix 1.3  Two-sample t test with equal variances (2004 and 2009) 

 

Group Obs Mean Std. err.    Std. dev.    [95% conf. interval] 

 

2004 808 .2138843     .0023868     .0678456     .2091993    .2185694 

2009 808 .2154825     .0024327     .0691499     .2107074    .2202577 

Combined 1616 .2146834     .0017036     .0684843     .2113419     .218025 

diff  -.0015982      .003408                 -.0082829    .0050865 
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diff = mean(2004) - mean(2009)                          t =   -0.4690 

H0: diff = 0                                                           Degrees of freedom = 1614 

 

Ha: diff < 0                     Ha: diff != 0                 Ha: diff > 0 

Pr(T < t) = 0.3196          Pr(|T| > |t|) = 0.6392     Pr(T > t) = 0.6804 
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Appendix 1.4  Two-sample t test with equal variances (2006 and 2009) 

 

Group Obs Mean Std. err.    Std. dev.    [95% conf. interval] 

 

2006 808 .2050981     .0020137     .0572401     .2011454    .2090508 

2009 808 .2154825     .0024327     .0691499     .2107074    .2202577 

Combined 1616 .2102903     .0015838     .0636675     .2071838    .2133968 

diff  -.0103844      .003158                 -.0165787   -.0041902 

 

 

diff = mean(2006) - mean(2009)                          t =   -3.2883 

H0: diff = 0                                                           Degrees of freedom = 1614 

 

Ha: diff < 0                     Ha: diff != 0                 Ha: diff > 0 

Pr(T < t) = 0.0005          Pr(|T| > |t|) = 0.0010     Pr(T > t) = 0.9995 
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Appendix 1.5 Inefficiency Determinants 

Table 7. Marginal Effect of determinants (MODEL EXPANDED) 

 Z1 Z2 Z3 Z4 Z5 Z6 Z7 Z8 Z9 

Z1 +***         

Z1,Z3 +*  +**       

Z1,Z4 +***   +***      

Z1,Z5 +    +**     

Z1,Z6 +***     +***    

Z1,Z7 -      -   

Z1,Z8 +***       -  

Z1,Z9 +***        +* 

Z1,Z2,Z3 + + +**       

Z1,Z2,Z4 +*** +  +***      

Z1,Z2,Z6 +*** +    +***    

Z1,Z2,Z8 +*** +      +  

Z1,Z2,Z9 +*** +       +* 

Z1,Z3,Z4 +***  + +***      

Z1,Z3,Z7 -  +    -   

Z1,Z3,Z8 +  +**     -  

Z1,Z3,Z9 +***  +      + 

Z1,Z4,Z5 +***   +*** +     

Z1,Z4,Z6 +***   +***  +***    

Z1,Z4,Z7 +***   +***   -   

Z1,Z4,Z8 +***   +***    -  

Z1,Z4,Z9 +***   +**     + 

Z1,Z5,Z6 +*    +* +***    

Z1,Z5,Z7 -    -  -   

Z1,Z5,Z9 +***    +    + 

Z1,Z6,Z7 -     + -   

Z1,Z6,Z8 +***     +***  +*  
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Z1,Z6,Z9 +***     +***   + 

Z1,Z7,Z8 +***      + +  

Z1,Z7,Z9 +***      +  + 

Z1,Z8,Z9 +***       + + 

Z1,Z2,Z3,Z4 + + + +      

Z1,Z2,Z3,Z6 +* + +   +**    

Z1,Z2,Z3,Z7 + + +**    +   

Z1,Z2,Z4,Z8 +*** +  +***    +  

Z1,Z2,Z4,Z9 +*** +  +***     + 

Z1,Z2,Z5,Z6 + +   +*** +    

Z1,Z2,Z6,Z8 +*** +    +***  +**  

Z1,Z2,Z6,Z9 +*** +*    +***   +*** 

Z1,Z2,Z7,Z8 - +     - -  

Z1,Z2,Z7,Z9 - +     -  -* 

Z1,Z2,Z8,Z9          

∗ :	𝜌 < 0.1 ∗∗ :	𝜌 < 0.05	 ∗∗∗ :	𝜌 < 0.01  

 


