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Abstract

Revealed preference analysis provides a powerful method for measuring rationality—
the extent to which choice data of individual can be rationalized by some well-behaved
utility function. Whereas rationality has been widely measured in various lab and
field settings, the consistency of these measures has not been examined. We combine
budgetary decisions in the lab and food decisions in the field based on scanner data to
measure the rationality of individual consumers in a large grocery store. We show that
the rationality score for risky or social decisions in the lab is uncorrelated with that
of food decisions in the field. By contrast, the rationality score is highly correlated
between risky and social decisions in the lab, as well as between food decisions in the
lab and in the field. We further show that behavioral factors including purchasing ex-
perience, personality traits and cognitive skills may underlie rationality scores across
different environments.
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1 Introduction

Central to economic analysis is the assumption that a decision maker (DM) maximizes her

utility function given her budget constraint (Samuelson, 1938). Revealed preference analysis

is a powerful method for characterizing the conditions under which DM with a given set of

choice data indeed maximizes some well-behaved utility function (Afriat, 1967, 1972; Varian,

1982, 1990). Based on revealed preference analysis, the degree of consistency with utility

maximization has been widely used as a natural criterion to measure rationality in various

settings.1 In experimental literature, it is increasingly common to compute rationality score

based on risky, intertemporal, and social budgetary decisions before examining specific utility

functions (see, for example, Ahn et al., 2014; Andreoni and Miller, 2002; Choi et al., 2007;

Echenique et al., forthcoming; Fisman et al., 2007; Halevy et al., 2018; Polisson et al., 2020).

Going beyond the lab, researchers also examine rationality score of consumers in the field

settings using expenditure data from surveys and scanner data from grocery stores (see, for

example, Blundell et al., 2003, 2008; Dean and Martin, 2016; Echenique et al., 2011). It has

been further suggested that rationality scores capture the ability to make good decisions and

have been proposed as an important determinant of wealth differences across individuals in

a general population (Choi et al., 2014) and development gaps between countries (Cappelen

et al., 2021). Although these studies provide important insights into the notion of rationality

and its applicability in various settings, many questions remain unresolved.

One important question is whether individuals with higher rationality scores as subjects

in the lab will also have higher rationality scores as consumers in the field. A perhaps nar-

rower and related question is whether individuals as subjects in the lab will have consistent

rationality scores across various settings such as risky, social, and consumption goods deci-

1In the literature, rationality is often broadly defined to encompass alternative decision rules and heuris-
tics (Kahneman, 2003; Simon, 1979; Thaler, 2016). For simplicity, we follow some prior studies in the revealed
preference analysis and use “rationality” to refer to the extent of consistency with utility maximization. See,
for example, Chambers and Echenique (2016), Crawford and De Rock (2014), and Echenique (2020) for
reviews of recent developments in the revealed preference literature.
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sions. On the one hand, it is conceivable that rationality scores can be generalized across

settings, because it may capture the general capacity to make good decisions. On the other

hand, it is also likely that rationality scores are specific to a given setting, because the same

individual in different settings may have different preference structures, face different budget

constraints, and have different experiences in making decisions, which can give rise to dif-

ferent rationality scores inferred from choice data. In this paper, we address these questions

by combining laboratory experiments and scanner data and examining the consistency of

individual consumers’ rationality measures in a large grocery store.

In the first study (Study 1), we examine the rationality of the same individuals mak-

ing shopping decisions in the (grocery store) field and making risky decisions in the lab.

To compute rationality scores in the field, we restrict our attention to 6,126 customers of

whom we have purchase records of meat and vegetables—the two most common consumption

categories—over 24 consecutive months, so that we have sufficient power for the revealed

preference analysis (for further discussion, see Section 2). To measure rationality in the lab,

we successfully invited 1,073 of the 6,126 customers in the field sample to participate in

a budgetary experiment in which subjects make 22 portfolio decisions between two Arrow

securities with different budget lines (Choi et al., 2007, 2014; Halevy et al., 2018; Kim et al.,

2018). In the experiment, subjects allocate 100 experimental points between two accounts

in which points are converted to cash with different exchange rates, and the amount in each

account will be paid out with 50 percent chance. Our experimental design enables us to

compute individual rationality scores in the field based on purchase records for meat and

vegetables over 24 consecutive months and in the lab based on 22 portfolio decisions between

two Arrow securities.

We measure rationality by evaluating the consistency of individual choices with the Gener-

alized Axiom of Revealed Preference (GARP), a necessary and sufficient condition whereby

a data set can be rationalized by a well-behaved utility function (in accordance with utility

maximization). To assess how closely an individual choice data set complies with GARP,
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in addition to the commonly used critical cost efficiency index (CCEI, Afriat, 1972), several

measures have been proposed in the literature, including the Houtman-Maks index (HMI,

Houtman and Maks, 1985); money pump index (MPI, Echenique et al., 2011); and minimum

cost index (MCI, Dean and Martin, 2016).2 We compute individual rationality scores using

each of these four indices.

Our primary finding is that the rationality scores are uncorrelated between food decisions

in the field and risky decisions in the lab. This observation is robust to the use of specific

indices with respect to the extent of GARP violations, namely, CCEI, HMI, MPI, and MCI,

since the Spearman correlation ranges from 0.1 percent to 4 percent. Not surprisingly, these

four indices are highly correlated within the field (with the Spearman correlation ranging

from 56 percent to 90 percent), as well as within the lab (75 percent to 98 percent). Whereas

there have been theoretical discussions on how best to capture the extent of GARP violations

(Echenique, 2021; Polisson and Quah, 2022), here we show empirically that these different

measures are highly correlated.

We then conduct several robustness checks for the observed low correlation between field

and lab. For rationality scores in the field, we examine several alternative measures, such as

adding fruits as a third consumption category in addition to meat and vegetables; extending

the analysis to 36 months instead of 24 months; using alternative methods to construct the

budget lines (Dean and Martin, 2016; Echenique et al., 2011); adjusting scores based on the

power of individual budget lines (Selten, 1991); applying the revealed price preference (Deb

et al., 2022); and using downward-sloping demand to proxy individual rationality (Echenique

et al., forthcoming). For rationality scores in the lab, we also check several alternative

measures by imposing more restrictions on the utility functions such as respecting first-

order stochastic dominance or expected utility (Nishimura et al., 2017; Polisson et al., 2020).

Regardless of these alternative measures, the correlation between rationality scores in the

2We provide a brief review of revealed preference analysis including GARP and each of these four indices
in Section 2.
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field and in the lab continues to be close to zero.

We further examine the demographic and behavioral correlates for the rationality scores.

While we find that rationality scores in both the lab and the field are positively correlated

with family income and negatively correlated with age, they differ in several correlates.

Rationality scores in the field are positively correlated with family size, the amount of ex-

penditure, and purchasing frequency, as well as conscientiousness scores of the Big Five

personality traits; rationality scores in the lab are positively correlated with IQ scores us-

ing seven questions from Raven’s Progressive Matrices and negatively correlated with the

neuroticism scores of the Big Five personality traits. These results suggest that certain be-

havioral correlates may underpin the difference between rationality scores in the two settings.

Study 1 shows that the rationality scores for risky decisions in the lab and for food decisions

in the field exhibit no correlation, and the question remains whether the low correlation is

due to difference in the types of decisions—risky decisions versus food decisions—or due

to the difference in lab and field settings. To answer this question, we conduct a second

experiment (Study 2). We invite another 305 customers to participate in three budgetary

experiments. In addition to the 22 risky decisions between two Arrow securities used in

Study 1, subjects make 22 social decisions on allocating experimental points between herself

and an anonymously paired subject (Andreoni and Miller, 2002; Fisman et al., 2007) and 22

food decisions on allocating money between one type of vegetable, tomatoes, and one type

of meat, ham. These three budgetary experiments enable us to measure rationality scores

for risky, social, and food decisions in the lab. Moreover, we can also measure the rationality

of these subjects based on our available scanner data.

We summarize Spearman’s correlation coefficients of CCEI scores in these four settings in

Table 1 below. First, we replicate the observed low correlation of rationality scores between

food decisions in the field and risky decisions in the lab in Study 1 and generalize the result

by showing that correlation of rationality scores between food decisions in the field and social

decisions in the lab is also low. Second, by contrast, we find that rationality scores are highly
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correlated between risky decisions and social decisions in the lab as well as between food

decisions in the lab and in the field. Moreover, the correlation is moderate between food

decisions in the lab and risky/social decisions in the lab. Similar to Study 1, we show that

these correlational patterns are robust with respect to alternative rationality measures, and

some behavioral correlates may underpin the difference in rationality scores across settings.

Table 1: Correlations of the Rationality between Domains

Risk Social Food: lab
Study1 Study2 Study2 Study2

Food: field 0.001 0.090 0.061 0.580
(0.978) (0.239) (0.429) (0.000)

Risk 0.396 0.237
(0.000) (0.000)

Social 0.237
(0.000)

Note: Spearman’s ρ are reported. P-value in parentheses.

Our study adds to the literature on measuring rationality based on revealed preference

analysis. In addition to theoretical and experimental studies, rationality indices have been

proposed as a measure of decision-making quality and widely used in applied settings, which

link individual rationality to education, occupation, income, and wealth (e.g., Banks et al.,

2019; Cappelen et al., 2021; Carvalho et al., 2016, 2019; Choi et al., 2014; Kim et al., 2018; Li

et al., 2023). In this literature, most studies focus on a specific type of decisions either in the

lab or in the field. One exception is Kim et al. (2018)’s study, in which they collect choice data

on both risky and intertemporal decisions in the lab to evaluate the effects of an education

program. Based on the rationality scores of risky and intertemporal decisions in their data

set, we compute the Spearman’s correlation to be 51.4 percent, which is consistent with the

observed correlation between risky and social decisions in our experiment. Our study is the

first to examine the consistency of rationality measures, and sheds light on understanding

of rationality and its applications.

Our study also contributes to the literature on the consistency of choice behavior across

settings. A question that has attracted great attention is the consistency of risk prefer-
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ences. For example, Weber et al. (2002) shows that risk attitudes are inconsistent across

domains; these include financial, health/safety, recreational, ethical, and social decisions.

Dohmen et al. (2011) finds that different measures of risk attitudes are imperfectly cor-

related across contexts. Barseghyan et al. (2011) and Barseghyan et al. (2013) use three

deductible choices made in the domain of auto and homeowner insurance to estimate indi-

vidual risk attitude in each domain using structural approach and reject the null of fully

domain-general risk attitudes. Einav et al. (2012) provides evidence in support of consis-

tency within five employer-provider insurance coverage decisions, and inconsistency between

these insurance decisions and investment decisions with respect to a 401(k) plan. In addition

to risk preferences, moderate or weak consistency across settings has also been reported in

time preferences (Augenblick et al., 2015; Burks et al., 2012); social preferences (Cohn and

Maréchal, 2018; Dai et al., 2018; Galizzi and Navarro-Martinez, 2019); and strategic sophis-

tication (Georganas et al., 2015; Levitt et al., 2011; Rubinstein, 2016). Moreover, our study

adds to a growing literature on the generalizability of observations in the lab to field settings

(see., for example, Camerer, 2011; Levitt and List, 2007a,b, for summaries and discussions).

Building on these studies, here we address an important yet unexplored question—the

consistency of rationality measures—and examine this question in two experiments across

risky, social, and food decisions in the lab and in the field. On the one hand, the lack

of correlation between lab and field suggests that rationality scores revealed from choice

behavior in various environments may not solely reflect the general ability to make good

decisions according to one’s preferences. On the other hand, we do observe high correlations

between risky and social decisions in the lab, and between food decisions in the lab and in

the field, which indicates that rationality measure is not fully context-dependent whereby

each choice context has its own rationality measure. In this regard, This finding supports

the idea that the ability to make good decisions is multidimensional (Currie and MacLeod,

2017; Deming, 2021), and that choice behaviors are interconnected and can be reduced to

several underlying common factors (Chapman et al., 2023; Dean and Ortoleva, 2019; Stango

and Zinman, 2022).
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The rest of the paper is organized as follows. Section 2 presents the theoretical background

of revealed preference analysis, Sections 3 and 4 present the experimental design and results

of the two studies, and we discuss our findings in Section 5.

2 Theoretical Background

Consider a decision maker who chooses bundles xi ∈ RK
+ from budget lines {x : pi · x ≤

pi ·xi, pi ∈ Rk
++}. A data set O = {(pi, xi)}Ni=1 refers to a collection of the N decisions of the

decision maker. Let X = {xi}Ni=1 be the set of bundles chosen by the decision maker. We say

that xi is directly revealed preferred to xj, denoted by xi ≿∗ xj, if a subject chooses xi when

xj ∈ X is affordable (i.e., pi ·xj ≤ pi ·xi). Denote the asymmetric part as ≻∗, which refers to

the relation of directly strictly revealed preference. Denote ≿∗∗ the transitive closure of ≿∗,

which refers to the revealed preferred relation. A data set O satisfies the Generalized Axiom

of Revealed Preference (GARP) if the following holds:

for all xi and xj, xi ≿∗∗ xj implies xj ⊁∗ xi. (1)

We say that a utility function U : Rk
+ → R rationalizes the data set O if for every bundle

xi :

U(xi) ≥ U(x) for all x ∈ RK
+ s.t. pi · x ≤ pi · xi.

Afriat’s theorem (Afriat, 1967; Varian, 1982) states that a data set can be rationalized by

some well-behaved (continuous and strictly increasing) utility function, if and only if the

data set obeys GARP. Afriat’s theorem is a powerful tool for analyzing choice behavior.

2.1 Indices of Rationality

Afriat’s theorem informs whether a data set can be rationalized by some utility function,

but it provides no information on the degree of rationalizability. Several indices have been
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developed to allow us to quantify the extent of such violations. Below we briefly review four

of them.

Critical Cost Efficiency Index (CCEI): A popular approach for measuring the departure

from rationality is the critical cost efficiency index (CCEI) proposed by Afriat (1972). A

subject has a CCEI e ∈ [0, 1] if e is the largest number with a well-behaved U that rationalizes

the data set for every xi ∈ X :

U(xi) ≥ U(x) for all x ∈ RK
+ s.t. pi · x ≤ epi · xi. (2)

A CCEI of 1 indicates passing GARP perfectly. A CCEI less than 1—say, 0.95—indicates

that there is a utility function for which the chosen bundle xi is preferred to any bundle

that is more than 5 percent cheaper than xi. Put differently, the CCEI can be viewed as the

amount by which a budget constraint must be relaxed in order to remove all violations of

GARP, because the decision maker can achieve her utility targets by spending less money

(Afriat, 1972; Varian, 1990).

Houtman-Maks Index (HMI): Houtman and Maks (1985) proposes an alternative ap-

proach by measuring the maximal number of observations in the observed sample that are

consistent with rational choice. For example, an HMI score of 0.941 indicates that the largest

proportion of subsets of choices consistent with GARP is 94.1 percent.

Money Pump Index (MPI): Echenique et al. (2011) provides an index to measure the

amount of money one can extract from an individual for each violation of GARP. Their

measure is based on the idea that an individual with a GARP violation can be exploited by

an “arbitrager” as a “money pump”. The “arbitrager” can choose allocation x1 at price p2

and allocation x2 at price p1, then trade x1 with the individual at p1 and x2 at p2, which

yields a profit of p1(x1 − x2) + p2(x2 − x1). Given multiple violations of GARP, a money

pump cost will be associated with each violation. Following Echenique et al. (2011), we use

the mean money pump costs for cyclic sequences of allocations with the length of two. For
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example, an MPI score equal to 0.059 means on average 5.9 percent of expenditure can be

exploited by an “arbitrager” from GARP violation.

Minimum Cost Index (MCI): Dean and Martin (2016) proposes MCI to measure the

minimum cost of breaking all revealed preference cycles in a data set. MCI is defined as

min
B⊂R0

∑
(x,y)∈B

px(qx−qy)

T∑
x=1

pxqx

such that R0/B is acyclic. The index has a high value when there are

a large number of cycles for which all GARP violations are based on significant monetary

differences relative to total expenditure. Thus, the MCI responds to both the number and

severity of revealed preference violations. For example, if the MCI is 0.004, it means that the

average cost of preference relations that must be removed to render the data set consistent

with rationality is 0.4 percent.

To summarize, these indices measure the degree of GARP violations from different per-

spectives. Detailed theoretical discussions can be found in Echenique (2021) and Polisson

and Quah (2022).

3 Study 1

In this section we first describe the field data and experiment. We examine the choice

behavior of consumers who shop at a leading retail company with more than 400 supermar-

kets spread over 6 provinces in southern China. We obtained a user-level scanner panel data

set from the company to measure rationality in food preference, and conducted an experi-

ment to measure rationality in risk preference. The combination of scanner panel data and

experimental data enable us to test the consistency of rationality measures.

3.1 Scanner Data Set

We have access to individual transaction data for consumers using their retail company

membership to purchase from any of the company’s supermarkets. For each observation, we
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have a unique membership ID, item index, transaction date, consumed units, the amount of

expenditure, coupon value, store ID, and whether the transaction is online or in person.

We focus on two types of food consumption, meat and vegetables in the analysis for

the following reasons. First, because these are the mostly frequently consumed goods at

supermarkets, we are able to garner a sufficient number of observations. In particular,

we restrict our attention to highly frequent customers who have purchase records for 24

consecutive months from January 2019 to December 2020. Second, since the unit for meat

and vegetables is kilograms, it is convenient to have a refined measure of the quantity. We

measure the price and quantity for meat and vegetables by averaging the quantity and price

of the items in each category. We denote qitn as the quantity of item i in consumption

category I for consumer n in month t, and QItn as the quantity of consumption category I

for consumer n in month t, which is obtained by the sum of qitn.

QItn =
∑
i∈I

qitn.

In a similar vein, we denote PItn as the price of the consumption category I for consumer n

in month t, which is obtained by averaging the prices weighted by quantity:

PItn =

∑
i∈I eitn

QItn

,

where eitn is the expenditure for item i in category I. With quantity QItn and price PItn, we

can construct the budget lines for consumer n in month t and perform revealed preference

analysis for each consumer n.3

It is worth noting that it is often challenging to construct individualized price and quantity

using consumption data. For example, Echenique et al. (2011) assumes the same price for

3To perform the revealed preference analysis, we need to assume that preference over meat and vegetables
is weakly separable from other goods and services (see for example, Dean and Martin (2016) and Echenique
et al. (2011)).
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each item for all consumers and Dean and Martin (2016) assumes the same price for all items

under the same good category for all consumers. Since we are able to access high frequency

data at the individual level, we can construct individualized indices for each customer. This

helps to reduce measurement error and increases the power of GARP tests. We also use the

methods of Dean and Martin (2016) and Echenique et al. (2011) as robustness checks.

3.2 Lab: Risk Preference

We measure the consumer’s rationality of risk preference using a standard budgetary

design. In each round of the task, participants allocate 100 tokens between two contingent

assets (account) and receive the money in one asset with equal probability. The exchange

rate between token and cash differs for the two assets and varies across rounds. If subjects

are risk neural or risk seeking, they would allocate all the tokens to the cheaper asset; if

they are risk averse, they would allocate some tokens to each asset depending on their risk

preference.

Moreover, to help supermarket consumers understand the experimental tasks, we discretize

the choice set as in Kim et al. (2018), whereby subjects choose between 11 allocation options.4

Figure 1 presents a screenshot of the task. In total, participants face 22 decision tasks

presented in random order, and their choices in one round are randomly selected for final

payment. Different from Choi et al. (2007, 2014), we do not use randomly generated budget

lines for each subject. Instead, every subject is presented with the same set of budget lines

to ensure that the power for revealed preference tests is the same for all subjects, which

facilitates comparison across subjects (Halevy et al., 2018). At the end of the experiment,

we include a 10-question version of Big Five personality questions, seven questions from

Raven’s progressive matrices, and collect demographic information. Detailed instructions

for the experiment are provided in Appendix C.

4Polisson and Quah (2013) shows that Afriat’s theorem is applicable in discrete settings, as long as the
consumer obeys cost efficiency.
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Figure 1: Screenshot for the Risk Preference Task

We conducted the experiment from July to October 2021. Of the 6,126 frequent consumers

in our food consumption analyses, we have contact information for 3090. We invited these

consumers to participate in an incentivized experiment in nearby supermarkets. In total,

1073 customers participated in our experiments across 96 supermarkets. All subjects received

RMB 50 (USD 1 = RMB 6.69) for participating. Moreover, we randomly paid 10 percent

of subjects based on their choices in the risk task. On average, each subject spent about

20 minutes to finish the experiment and received an average payment of RMB 57. The

experiment was approved by the institutional review board of the National University of

Singapore.

Table A1 in Appendix A reports summary statistics for 1,073 subjects for whom we have

both scanner and lab data. Of these, 75.1 percent are female, 70.8 percent were born between

1970 and 1989, and more than 50 percent have a high school education or above. In terms

of family size, the majority have at most 4 family members. Median family income is RMB

5000-10000 per month. The average monthly expenditure in this supermarket is RMB 485.6

and the average monthly purchase frequency is 11.8 days. Also, when comparing these

subjects with the full sample of 6,126 consumers, we do not find significant differences in
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demographic variables, and we thus focus on these 1,073 subjects in later analyses.

3.3 Study 1: Results

3.3.1 Descriptive Statistics of the Rationality Measure

Figure 2 presents the cumulative distribution of rationality scores for food preference

(solid line) and the summary statistics is reported in Table A2. We focus on the discussion

for CCEI and the data pattern for other measures is similar. We find that 14.5 percent

of customers have no violations of GARP in their choices for food consumption, and the

average CCEI score is 0.941, which implies that the budget must be reduced by 5.9 percent

to remove all GARP violations. To examine the power of the test, we apply Bronars’ index

and generate observations using uniformly random allocations along each of the budget lines.

We compute the average CCEI and plot the cumlative distribution (dashed line). In contrast

to the CCEI based on choice data, data from simulated random allocations have substantially

lower rationality scores, for example, only 6.6 percent of their CCEI scores are over 0.9. This

suggests that our choice data have sufficient power to detect GARP violations.5

Figure 2: Distribution of the Rationality Index of Food Preference

5Although the observed CCEI in our field data is high, it is lower than those reported in some prior
studies. For example, the average CCEI is 0.976 in Echenique et al. (2011), and 0.990 in Dean and Martin
(2016). This could be due in part to the difference in the power of the test. For example, Echenique et al.
(2011) shows that the number of GARP violations frequency is either 3 or 4 out of 494 households for the
randomly generated data set, which tends to be lower than that observed in the actual data set.
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Moreover, Figure 3 presents the cumulative distribution of rationality index (solid line)

and Bronars’ index (dashed line) for risk preference in the lab (see Table A3 for summary

statistics). We find that 22.2 percent of subjects have no violations of GARP with an

average CCEI score of 0.943. Comparison of distributions of the CCEI for actual choices

and randomly generated choices is similar to that for food preference, which suggests that

the chosen budget lines have sufficient power for revealed preference analysis.6

Figure 3: Distribution of Rationality Index of Risk Preference

In addition, we check the consistency of these four measures on the degree of GARP vio-

lation using Spearman’s correlation test. Table 2 reports correlation coefficients for pairwise

comparisons and shows that the correlation coefficients are 0.56 or higher within each type

of preferences, which suggests high consistency between different measures. In subsequent

analyses, for ease of presentation, we focus on results using CCEI and report results for other

indices in the Appendix as robustness checks.

6The observed CCEI distribution is comparable to those in other experimental studies on risk preferences.
For example, the average CCEI is 0.881 in Choi et al. (2014), 0.937 in Choi et al. (2007), and 0.979 in Halevy
et al. (2018).
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Table 2: Correlation of CCEI, HMI, MPI and MCI in Study 1

Food Risk

CCEI HMI MPI CCEI HMI MPI

HMI 0.673 HMI 0.754
(0.000) (0.000)

MPI -0.898 -0.563 MPI -0.909 -0.636
(0.000) (0.000) (0.000) (0.000)

MCI -0.902 -0.760 0.798 MCI -0.983 -0.774 0.900
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Note: P-values are in parentheses.

3.3.2 Correlations of Rationality: Food vs. Risk Preference

We now turn to the main research question regarding the consistency between the ratio-

nality of food preference in the supermarket and risk preference in the lab. Figure 4 presents

a scatter plot of the two and shows that the correlation coefficient is 0.001 (p > 0.1). That

is, consumers with a high level of rationality in the risk task experiment do not necessarily

exhibit a high level of rationality in food preference.

Figure 4: Correlations of CCEI in Study 1: Food vs. Risk Preferences
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To further validate this low correlation, we conduct the following analyses. First, we

consider alternative measures of the rationality for the scanner dataset, by (1) assuming

the price is the same for all customers in each month (Dean and Martin, 2016; Echenique

et al., 2011);7 (2) extending the time window from 2019-2020 to 2018-2020; (3) adding fruits

as the third consumption category; (4) using Selten’s score to adjust the difference in the

power of the test;8 (5) applying the revealed price preference method of Deb et al. (2022)

to test consistency with augmented utility maximization;9 (6) measuring downward-sloping

demand to proxy individual rationality level (Echenique et al., forthcoming).10 Second,

for risk preference measured in the lab, we apply recent techniques in revealed preference

to further test whether the utility function respects to first order stochastic dominance

(Nishimura et al., 2017), expected utility (Polisson et al., 2020), and downward-sloping

demand (Echenique et al., forthcoming). Table 3 presents the pairwise correlation test

results. Again, all correlation coefficients are close to zero and statistically insignificant.

We find similar results when using HMI, MPI and MCI in Table A4. We summarize these

findings below.

Result 1. The correlation of rationality between food and risk preferences is low.

7Specifically, we obtain price PIt, by averaging prices weighted by quantity: PIt =
∑

i∈I eit
QIt

, where eit is
all consumers’ expenditure for item i in category I.

8Consumers may be presented with different budget sets and have different power for testing GARP
violations. We follow Beatty and Crawford (2011) and compute Selten’s score by subtracting Bronars’ index
from the CCEI

9Since only choices for vegetable and meat are observed, we do not know the full sets for consumption.
This takes into account the impact of the prices of observed goods on consumption of the unobserved goods.

10Roughly speaking, prices and quantities should be inversely related. We calculate the correlation
coefficient between log(x2/x1) and log(p2/p1) for each subject in the datasets
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Table 3: Correlations of CCEI in Study 1: Food vs. Risk

Risk

Original FOSD EU Downward

Food

Original 0.001 -0.025 -0.030 -0.013
(0.978) (0.419) (0.334) (0.676)

Same price -0.001 0.026 0.025 0.026
(0.976) (0.403) (0.406) (0.398)

Three year 0.007 -0.003 -0.005 0.013
(0.809) (0.920) (0.863) (0.669)

Three goods -0.009 0.009 0.007 0.018
(0.776) (0.756) (0.820) (0.561)

Selten scores 0.002 -0.015 -0.021 0.019
(0.955) (0.615) (0.483) (0.524)

GAPP -0.015 0.003 0.001 0.030
(0.627) (0.926) (0.982) (0.332)

Downward 0.013 -0.006 -0.000 -0.022
(0.677) (0.837) (0.994) (0.465)

Note: Spearman’s ρ are reported. P-value in parentheses.

3.3.3 Understanding inconsistency between food and risk preferences

The observed low consistency in rationality suggests that different decision-making mech-

anisms may underlie these two preferences. Therefore, we conduct regression analyses to

examine which factors are related to the rationality level for each type of preferences.

We examine how individuals’ demographics are correlated with rationality measures (Choi

et al., 2014; Echenique et al., 2011). Table 4 presents OLS regression analyses, in which the

dependent variables are the CCEI score for food preference (Column 1) and risk preference

(Column 2). Independent variables are female, income, education, age dummies and family

size.
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Table 4: OLS Regressions for Demographics and CCEI in Study 1

Food Risk
(1) (2)

Female 0.017*** -0.006
(0.005) (0.006)

Medium Income 0.015*** 0.022***
(0.005) (0.007)

High income 0.023*** 0.046***
(0.006) (0.007)

Medium education 0.001 0.001
(0.005) (0.006)

High education 0.000 0.008
(0.006) (0.007)

Medium age -0.008 -0.014
(0.010) (0.013)

Elder age -0.028*** -0.052***
(0.011) (0.014)

Family size 0.011*** -0.003
(0.002) (0.003)

N 1073 1073
R2 0.080 0.088

Note: Medium (High) income indicates whether family income is 5000-10000 (more than 10000)
RMB per month. Medium (High) education is high school (above high school). Medium (Elder)
age refers to those born 1970-1989 (before 1969). Standard errors are in parentheses. * p < 0.10,
** p < 0.05, *** p < 0.01

First, the CCEI score for both preferences is significantly positively correlated with family

income and their correlation with age is negative and significant, which is in line with previous

studies (Choi et al., 2014; Echenique et al., 2011). We also find that the size of the coefficients

for high-income (elder-age) dummies are significantly larger (smaller) for risk preference than

for food preference, which suggests that richer and younger people are better at making high-

quality decisions for risk tasks. Moreover, females and subjects with larger family size have

higher scores for food preference, but not risk preference. Altogether, these results represent

suggestive evidence that individual demographics correlate with individuals’ decision-making

quality in these two types of tasks.11

Moreover, we examine whether and to what extent individuals’ shopping experience and

11We obtain similar results for HMI, MPI and MCI (Table A5).
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cognitive ability affects their rationality level and report the results in Table 5. Again, the

dependent variable is the CCEI score for food preference (Columns 1-4) and risk preference

(Columns 5-8). For independent variables, we include monthly expenditure on vegetables and

meat from 2019 to 2020, shopping frequency using monthly days of shopping for vegetables

and meat from 2019 to 2020, Raven’s IQ test scores and Big Five personality traits. We also

control for aforementioned demographic variables.

First, subjects with more expenditure and higher shopping frequency have significantly

higher CCEI scores for food preference, but not for risk preference. In contrast, subjects

with higher IQ scores have higher CCEI scores for risk preference, but not for food prefer-

ence. This suggests that rationality for food preference in the supermarket can be improved

by shopping experiences, while rationality for risk preference in the lab may require more

abstract reasoning. We also observe a significantly positive relationship between conscien-

tiousness and CCEI score for food preference, which is consistent with prior findings,12 and a

significantly negative relationship between neuroticism and CCEI score for risk preference.13

Taken together, the observed distinct correlates are in line with the low consistency between

rationality measures for food and risk preferences. We also find similar results for HMI, MPI

and MCI (Table A6). We summarize these findings below.

Result 2. Rationality for both food and risk preferences are positively (negatively) correlated

with family income (age). The rationality for food preference is correlated with shopping

experience and conscientiousness, while the rationality for risk preference is correlated with

cognitive ability and neuroticism.

12Conscientiousness is associated with dependability, organizational sills, perseverance, and achievement
oriented thinking, which contributes to prudence with respect to food purchases and more stable preferences
(Borghans et al., 2008)

13Neuroticism is associated with anxiety, worry, anger, and insecurity. People with high neuroticism
may become more nervous when they face a risk decision task, which results in a decline in the quality of
decision-making (Byrne et al., 2015)
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Table 5: OLS Regressions for Behavioral Factors and CCEI in Study 1

Food Risk

(1) (2) (3) (4) (5) (6) (7) (8)

Expenditure 0.020*** 0.013*** 0.003 0.003
(0.004) (0.005) (0.006) (0.006)

Frequency 0.221*** 0.168*** 0.049 0.038
(0.048) (0.053) (0.062) (0.066)

IQ -0.001 -0.001 0.012*** 0.012***
(0.001) (0.001) (0.002) (0.002)

Conscientiousness 0.008*** -0.004
(0.002) (0.003)

Extraversion -0.001 -0.003
(0.002) (0.003)

Agreeableness 0.001 -0.003
(0.002) (0.003)

Openness 0.003 -0.004
(0.002) (0.003)

Neuroticism -0.000 -0.013***
(0.002) (0.003)

Control Yes Yes Yes Yes Yes Yes Yes Yes

N 1073 1073 1073 1073 1073 1073 1073 1073
R2 0.097 0.098 0.081 0.117 0.088 0.088 0.143 0.167

Note: Control variables include gender, income, education, age dummies and family size. Standard errors are in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01
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4 Study 2

4.1 Lab: Risk/Social/Food Preferences

We show in Study 1 that the correlation between rationality scores for risky decisions in

the lab and food decisions in the field is low. The observed low correlation could be due to

various reasons such as types of decisions, namely, risky decisions versus food decisions, or

lab versus field settings. In particular, in the field setting, scanner data may not accurately

reveal rationality of food preference, because the budget constraints differ across individuals

leading to different power of the test (Beatty and Crawford, 2011; Dean and Martin, 2016),

and the underlying preferences may also change over a time period of the two years. We

conduct a second experiment (Study 2) to partially address this concern. In addition to

risky decisions in the lab and food decisions in the field as in Study 1, we also measure the

rationality of social and food decisions in the lab.

Figure 5: Screenshot for Food Preference Task

To measure rationality in food preference in the lab, we construct a purchasing environ-

ment in which subjects are endowed with a fixed amount of expenditure (RMB 50). They

allocate the RMB 50 between a specific type of vegetable (tomato) and a specific type of
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meat (ham). They make allocation decisions for 22 rounds. The price level for each product

is chosen from the range of actual prices in 2020-2021. Figure 5 presents a sample screenshot

for the food task.

Figure 6: Screenshot for Social Preference Task

To measure rationality in social preference, we use a modified dictator game (Andreoni

and Miller, 2002; Fisman et al., 2007). Subjects allocate 100 tokens between themselves

and another randomly matched subject across 22 rounds. In every round, each token has a

different cash value for the subject and their matched subject. Figure 6 presents a sample

screenshot. We also include the same risk task as in Study 1.

We conducted the experiment from December 2021 to February 2022. Appendix C details

instructions for the experiment. In total, 305 customers participated in the survey. We

presented the risk, social and food tasks in random order to subjects and end the experiment

with the same questionnaire as in Study 1. Subjects spent on average 30.1 minutes to

complete the experiments and received an average payment of RMB 55.1.

We also quantify the rationality score for food preferences using supermarket transaction

data. Since the consumption frequency for participants in Study 2 is not as high as in

Study 1, our sample selection procedure is less strict, i.e., we restrict our analyses to 174

23



consumers who bought both meat and vegetables for at least 7 months between 2019 and

2020. As a consequence, our sample size is 305 for the results without rationality in the

field, and is 174 for the results involving rationality in the field. Moreover, to address the

problem whereby some consumers does not have a purchase record in a certain month, we

assume that all households are presented with the same price for each goods category within

a month (Dean and Martin, 2016; Echenique et al., 2011). Specifically, we obtain the price

for each consumption category in month t, denoted by PIt, by averaging the prices weighted

by quantity:PIt =
∑

i∈I eit∑
i∈I qit

where eit and qit is all consumers’ expenditure and quantity of

consumption for item i in category I.

4.2 Study 2: Results

Figure 7: Rationality Index across Settings

Figure 7 presents the cumulative distribution of CCEI scores (solid line) for food preference

with supermarket consumption, food preference in the lab, and risk and social preferences

(see also summary statistics in Tables B2-B5). We observe a high level of rationality in risk,

social and food preferences, which is consistent with results in Study 1. We also plot Bronars’

index (dashed line) to capture the rationality level for a subject who make choices randomly

(Beatty and Crawford, 2011; Bronars, 1987; Dean and Martin, 2016), which suggests that

the chosen set of parameters has sufficient power to detect GARP violations.
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Figure 8: Correlations of CCEI in Study 2: Food vs. Risk vs. Social Preferences

Next, we test pairwise correlations for rationality scores across domains (Table 1 and

Figure 8). First, consistent with Study 1, we find that there is no significant correlation of

CCEI scores between risk preference in the lab and food preference in the field. Similarly,

we also find low correlation between social preference in the lab and food preference in the

field. However, the rationality between risk and social preferences in the lab is significantly

correlated (Spearman correlation coefficient: 0.396, p < 0.01), suggesting that consumers
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with higher rationality score in risk preference tend to exhibit a higher rationality level

in social preference in the lab. Moreover, individuals exhibit internal consistency for food

preference in the lab and in the field (Spearman correlation coefficient: 0.580, p < 0.01).

The rationality score of food preference in the lab is weakly correlated with both that of

risk preference (Spearman correlation coefficient: 0.237, p < 0.01) and social preference

(Spearman correlation coefficient: 0.237, p < 0.01). Additionally, by applying the alternative

measures discussed in Study 1, we find that the results here are robust (Tables B6-B8). This

leads to our next result.

Result 3. (a) The correlation of rationality is high between risk and social preference in

the lab, as well as between food preference in the lab and in the field. (b) The correlation of

rationality is low between risk/social preference in the lab and food preference in the field,

and it is moderate between risk/social preference in the lab and food preference in the lab.

We conduct the same OLS regressions as in Study 1 to examine the correlation between

rationality scores and individual characteristics. The overall observations are similar to

those in Study 1 (Table 6). First, total expenditure matters for rationality scores for food

preference, but not for social and risk preferences. Second, IQ has a significantly positive

association with both risk and social preferences, but not with food preference. Third, there

is a significantly positive relationship between conscientiousness and rationality scores for

food preference, and a negative relationship between neuroticism and CCEI scores for risk

preference.14 Lastly, analyses of demographic variables are similar to Study 1 (Tables B9

and B10), which demonstrates that family income is positively correlated with rationality

scores measured in different settings.

14Similar results for regressions of HMI, MPI and MCI are reported in Tables B11 and B12.

26



Table 6: OLS Regressions for Behavioral Factors and CCEI in Study 2

Food: field Food: lab Risk Social

(1) (2) (3) (4)

Expenditure 0.039** 0.051* -0.021 -0.042
(0.018) (0.026) (0.019) (0.036)

Frequency -0.147 0.287 -0.108 0.264
(0.169) (0.242) (0.174) (0.339)

IQ -0.008 -0.035 0.043** 0.118***
(0.020) (0.028) (0.021) (0.040)

Conscientiousness 0.015*** 0.022*** -0.001 0.002
(0.005) (0.007) (0.005) (0.010)

Extraversion 0.002 -0.005 -0.000 -0.013
(0.005) (0.008) (0.006) (0.011)

Agreeableness 0.000 -0.008 0.005 -0.000
(0.006) (0.008) (0.006) (0.011)

Openness 0.000 0.010 -0.001 -0.003
(0.005) (0.008) (0.006) (0.011)

Neuroticism 0.002 -0.001 -0.012** -0.003
(0.005) (0.008) (0.006) (0.011)

Control Yes Yes Yes Yes

N 174 174 174 174
R2 0.218 0.206 0.259 0.186

Note: Control variables are gender, income, education, age dummies and family size. In order measure expenditure and rationality
in the field, we restrict our analyses to 174 consumers who bought both meat and vegetables for at least 7 months in the two-year
period between 2019 and 2020. Standard errors are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01

Taking the results in Studies 1 and 2 together, we observe that the rationality in food pref-

erences is correlated with the same sets of demographic and behavioral variables, namely

purchasing experience and conscientiousness, regardless of whether this is based on the

scanner data set or measured in the lab. The correlates for rationality in risk and social

preferences in the lab are cognitive ability and neuroticism. These factors play different

roles across settings of choices and in part lead to the observed differences in consistency

across rationality measures.
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5 Discussion

We show that the consistency of rationality measures depends on either the lab or field

setting as well as on the type of decisions. Our observations suggest that while rationality

scores can be inferred in various environments, they may not always or solely reflect the

general ability to make choices according to one’s preferences. This message is shared by

studies inferring preferences from observable choices. It is often challenging to measure and

separate the influences of unobservable factors, such as budget constraints and heuristics.

For example, Dean and Sautmann (2021) shows that choices in the experiments may not

fully reflect true time preference, since it can also be influenced by financial shocks and

budget constraints. Enke and Graeber (2019) finds that the commonly observed S-shaped

probability-weighting function in prospect theory can in part be due to cognitive uncertainty,

whereby subjects exhibit a tendency to choose the cognitive default, e.g., switching around

the middle of the choice list. In a similar vein, rationality scores inferred from observable

choices may be “as if” to some degree. Below, we discuss several potential issues with

the identification and measurement of rationality which may help understand the observed

consistency in our study.

Formation of preferences. The formation of preferences can differ across environments.

Plott (1996) proposes the notion of preference discovery, whereby rationality can be under-

stood as a discovery process in which subjects learn their own needs through a process of

reflection and practice. Deming (2021) suggests the distinction between the decision-making

ability of doing problem-solving task and routine task. In this regard, decision maker as a

subject in the lab is more likely to perform a problem-solving task whereas decision maker

as a consumer is more likely to do a routine task. In the lab, when subjects are presented

with risky decisions and social decisions, they need to learn the abstract experimental rules,

since these rules are not part of their daily experience. In this regard, rationality in the lab

may be related to the ability to “discover” one’s preference in the new choice environment

and ”solve” the choice problem accordingly. Consistent with this view, we find that the
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rationality scores are lower for the first half than the second half of the risky and social

decisions.15 Because the rationality scores of risky and social decisions in the lab may in

part capture this ability, we observe that they are highly correlated and both are positively

correlated with cognitive ability. Choi et al. (2014) shows that rationality scores in the lab

are positively correlated with household wealth after controlling for unobserved constraints,

preferences, beliefs, and cognitive ability.

By contrast, when consumers make food decisions in daily life, they form their preferences

through their purchase and consumption experiences (Crawford, 2010). Food decisions may

thus appear to be more routine for the consumers with more experience. For example,

List (2003) provides field evidence showing that individuals with more trading experience

exhibit less endowment effect and behave closer to neoclassical predictions, and suggests

that consumers can learn to overcome the endowment effect. Related to this point, we show

that the consumers’ experiences also matter for rationality; those with higher purchasing

frequency tend to have higher rationality scores in the field. Moreover, their daily experiences

may further carry over when they make food decisions in the lab, which may help explain

the high correlation with food decisions in the field.16

Moreover, the food preferences are often influenced by various contextual factors, including

meal vs. non-meal time, working vs. non-working days, and discounted vs. non-discounted

purchases. We examine differences in preferences between meal time and non-meal time

purchases in Study 1. We refer purchases from 10:00 to 14:00 and from 16:00 to 19:00 as

15The average CCEI score is 0.969, 0.974 and 0.960 for the first half of the choices and 0.981, 0.982 and
0.980 for the second half of the choices for risky decisions in Study 1, risky decisions in Study 2, and social
decisions in Study 2, respectively. We also compute the CCEI in Choi et al. (2007) and Choi et al. (2014)
and find that the average CCEI score is 0.960 and 0.937 for the first half and 0.986 and 0.944 for the second
half of the experimental data, respectively. By contrast, we do not observe such difference in food decisions.
Namely, the average CCEI score is 0.967 for the first half and 0.969 for the second half for food decisions in
Study 2. This suggests that consumers do not need to ”discover” their food preferences as they are familiar
with these decisions.

16Even if subjects do have clear preferences in mind, rationality can also be influenced by preferences.
For example, in the social decision tasks, a purely selfish decision maker can easily maximize her utility by
giving nothing to the recipient, while a decision maker with selfish, equity and efficiency considerations may
find it hard to trade off various motives, which leads to a lower rationality score.
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meal time purchases and the rest as non-meal time purchases. We compute the rationality

scores separately using the datasets from meal time and non-meal time purchases, as well as

the combined dataset which randomly mixes 50 percent of the observations from each two

datasets (Castillo and Freer, 2018; Miao et al., 2021). We find that the average CCEI score

is 0.92 and 0.932 for meal time purchases and non-meal time purchases, respectively, but it

is 0.878 for the combined data, which is significantly lower than that of the two separate

datasets (p<0.001, two-sided paired t-test). We observe a similar pattern for working vs.

non-working days, and discounted vs. non-discounted purchases. Lower CCEI scores for the

combined dataset suggest that food preferences are subjective to these contextual influences.

Budget constraints. Budget constraints can also differ across environments.17 In the lab,

subjects are presented with well-defined budget lines using a simple interface. By contrast,

consumption data often lack the power to detect GARP violations, because budget lines may

not sufficiently cross (Blundell et al., 2003, 2008; Chambers and Echenique, 2016, Chapter

5). While our scanner data have the power to detect GARP violations, and we examine

several alternative measures, it is generally difficult to construct budget lines; in particular,

perceived prices can be affected by the consumer’s attention and memory (Bordalo et al.,

2020). For example, a consumer may not notice the price change when the new price is not

too different from the price in her memory database, and may perceive some products as

very cheap when the new price is sufficiently lower than the price in her memory database.

Heuristic rules. In addition to preference and budget constraints, different environments

may induce decision makers to use different heuristic rules, especially when facing difficult

decisions (Gigerenzer and Todd, 1999; Simon, 1979; Tversky and Kahneman, 1974). In the

environment of budgetary choices, Choi et al. (2006) shows that subjects’ portfolio choices

can be explained by some simple rules, such as a diversification heuristic—by allocating

17Varian (1988) show that the utility maximization hypothesis is not falsifiable if we can not observe
consumer’s choice for all goods, and van Bruggen and Heufer (2017) show that it is possible if unobserved
prices and expenditures remain constant. In this regard, it is more likely for the decision makers to see the
observed prices and expenditures as constant in the lab than in the field.
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the same number of points to the two accounts. Halevy and Mayraz (2022) designs simple

investment rules for selecting portfolios and show that most of the subjects prefer to make

allocations through the rule-based interface. It is possible that in the abstract environment

of risky and social decisions in the lab, subjects find the decisions to be difficult and adopt

a set of heuristic rules to simplify their choices. In food decisions, decision makers may use

different heuristic rules or habits formed in their daily life (Havranek et al., 2017). Thaler

and Shefrin (1981) proposes the importance of heuristics in consumer choice. For example,

consumers are more motivated to save $5 on a $15 item than to save $5 on a $125 item.

These heuristics may drive rationality scores in consumer choice.

Summary. Whereas the revealed preference approach provides a unified and powerful

framework for analyzing choice behavior, preferences and rationality revealed from observ-

able choices need not be consistent across environments. Choi et al. (2014) discusses decision-

making quality observed in the field and in the lab, and suggest that measuring decision-

making quality in the field is difficult because decision makers “might have different prefer-

ences over the same outcomes, or face different but unobserved incentives and constraints,

or have different information, or hold different beliefs.” They further propose the departure

from GARP in the lab as rationality scores to measure decision-making quality. By combin-

ing experimental data on risky, social, and food choices with customers’ scanner data, our

study is the first to examine the consistency of rationality measures. In accordance with the

view in Choi et al. (2014), we show that the consistency between risky/social decisions in

the lab and food decisions in the field is indeed low. Moreover, we observe a high consistency

of rationality measures between risky and social decisions in the lab, which suggests that

both of the measures capture some general decision-making quality, for example, the ability

to learn and express one’s preference in an abstract environment. We also observe a high

consistency between food decisions in the lab and in the field, which may reflect the general

influences of preferences and habits formed from daily experiences of the consumers. We

leave for the future studies to advance identification and measurement challenge toward a

better understanding of rationality across environments.
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Online Appendices

A Study 1
Table A1: Demographics of Subjects in Study 1

Demographic Variable Category Percent

Gender Female 75.1%
Male 24.9%

Age Before 1969 24.6%
In 1970-1989 70.8%
After 1990 4.6%

Family Monthly Income <5000 23.6%
5000-10000 40.8%
>10000 35.6%

Education High school below 46.3%
High school 29.9%
High school above 23.8%

Family Size One 1.6%
Two 9.3%
Three 38.5%
Four 30.5%
>Four 20.1%
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Table A2: Rationality Index in Food preference

Mean SD Min Median Max

Observed
CCEI 0.941 0.070 0.597 0.962 1
HMI 0.924 0.053 0.708 0.917 1
MPI 0.059 0.054 0 0.047 0.300
MCI 0.004 0.007 0 0.002 0.061
Obs: 1,073

Bronars
CCEI 0.848 0.034 0.74 0.848 0.947
HMI 0.859 0.026 0.769 0.860 0.932
MPI 0.125 0.022 0.061 0.124 0.220
MCI 0.018 0.008 0.002 0.016 0.060
Obs: 1,073

Table A3: Rationality Index in Risk preference

Mean SD Min Median Max

Observed
CCEI 0.943 0.089 0.350 0.987 1
HMI 0.883 0.092 0.636 0.909 1
MPI 0.041 0.054 0 0.020 0.379
MCI 0.009 0.023 0 0.001 0.321
Obs: 1,073

Bronars
CCEI 0.709 0.122 0.352 0.723 0.967
HMI 0.742 0.073 0.500 0.727 0.955
MPI 0.159 0.045 0.042 0.158 0.320
MCI 0.088 0.058 0.003 0.076 0.354
Obs: 1,000
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Table A5: OLS Regressions for Demographics and Rationality in Study 1

Food Risk

(1) (2) (3) (4) (5) (6) (7) (8)
CCEI HMI MPI MCI CCEI HMI MPI MCI

Female 0.017*** 0.003 -0.008** -0.002*** -0.006 -0.011 0.002 0.001
(0.005) (0.004) (0.004) 0.000 (0.006) (0.007) (0.004) (0.002)

Medium income 0.015*** 0.010** -0.012*** -0.001** 0.022*** 0.007 -0.014*** -0.005***
(0.005) (0.004) (0.004) (0.001) (0.007) (0.007) (0.004) (0.002)

High income 0.023*** 0.015*** -0.015*** -0.002*** 0.046*** 0.029*** -0.026*** -0.010***
(0.006) (0.005) (0.005) (0.001) (0.007) (0.008) (0.004) (0.002)

Medium education 0.001 0.004 -0.001 -0.001 0.001 0.001 -0.003 -0.000
(0.005) (0.004) (0.004) (0.000) (0.006) (0.007) (0.004) (0.002)

High education 0.000 -0.003 0.004 -0.001 0.008 0.013* -0.007 -0.002
(0.006) (0.004) (0.004) (0.001) (0.007) (0.008) (0.004) (0.002)

Medium age -0.008 -0.005 0.008 0.001 -0.014 -0.001 0.009 0.003
(0.010) (0.008) (0.008) (0.001) (0.013) (0.014) (0.008) (0.003)

Elder age -0.028*** -0.012 0.018** 0.003** -0.052*** -0.023 0.030*** 0.011***
(0.011) (0.008) (0.008) (0.001) (0.014) (0.014) (0.008) (0.004)

Family size 0.011*** 0.004** -0.006*** -0.001*** -0.003 0.000 0.002 0.001
(0.002) (0.002) (0.002) (0.000) (0.003) (0.003) (0.002) (0.001)

N 1073 1073 1073 1073 1073 1073 1073 1073
R2 0.080 0.027 0.046 0.082 0.088 0.044 0.080 0.063

Note: Medium (High) income indicates whether family income is 5000-10000 (more than 10000) RMB per month. Medium (High)
education is high school (above high school). Medium (Elder) age refers to those born 1970-1989 (before 1969). Standard errors are in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A6: OLS Regressions for Behavioral Factors and Rationality in Study 1

Food Risk

(1) (2) (3) (4) (5) (6) (7) (8)
CCEI HMI MPI MCI CCEI HMI MPI MCI

Expenditure 0.013*** 0.019*** -0.009** -0.002*** 0.003 -0.003 -0.001 -0.000
(0.005) (0.004) (0.004) (0.000) (0.006) (0.006) (0.004) (0.002)

Frequency 0.168*** 0.055 -0.158*** -0.003 0.038 0.124* 0.011 -0.007
(0.053) (0.041) (0.041) (0.005) (0.066) (0.072) (0.040) (0.017)

IQ -0.001 0.000 0.001 0.000 0.012*** 0.004** -0.007*** -0.004***
(0.001) (0.001) (0.001) (0.000) (0.002) (0.002) (0.001) (0.000)

Conscientiousness 0.008*** 0.004*** -0.005*** -0.000** -0.004 0.002 0.002 0.001
(0.002) (0.002) (0.002) (0.000) (0.003) (0.003) (0.002) (0.001)

Extraversion -0.001 -0.003* 0.001 0.000 -0.003 0.001 0.001 0.001
(0.002) (0.002) (0.002) (0.000) (0.003) (0.003) (0.002) (0.001)

Agreeableness 0.001 0.001 -0.001 -0.000 -0.003 -0.005* -0.000 -0.000
(0.002) (0.002) (0.002) (0.000) (0.003) (0.003) (0.002) (0.001)

Openness 0.003 0.000 -0.002 -0.000 -0.004 -0.006* 0.003* 0.001*
(0.002) (0.002) (0.002) (0.000) (0.003) (0.003) (0.002) (0.001)

Neuroticism -0.000 0.000 0.001 0.000 -0.013*** -0.009*** 0.007*** 0.003***
(0.002) (0.002) (0.002) (0.000) (0.003) (0.003) (0.002) (0.001)

Control Yes Yes Yes Yes Yes Yes Yes Yes

N 1073 1073 1073 1073 1073 1073 1073 1073
R2 0.117 0.073 0.086 0.102 0.167 0.067 0.144 0.156
Note: Control variables include gender, income, education, age dummies and family size. Standard errors are in parentheses. * p < 0.10,
** p < 0.05, *** p < 0.01
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B Study 2
Table B1: Demographics of Subjects in Study 2

Demographic Variable Category Percent

Gender Female 62.3%
Male 37.7%

Age Born before 1969 33.8%
Born in 1970-1989 44.9%
Born after 1990 21.3%

Family Monthly Income <RMB 5000 20.0%
RMB 5000-10000 29.5%
>RMB 10000 50.5%

Education High school below 38.0%
High school 19.7%
High school above 42.3%

Family Size One member 1.3%
Two members 15.4%
Three members 36.7%
Four members 32.8%
>Four members 13.8%
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Table B2: Rationality Index in Food Preference: Field

Mean SD Min Median Max

Orginal
CCEI 0.949 0.071 0.667 0.982 1
HMI 0.943 0.063 0.786 0.955 1
MPI 0.060 0.066 0 0.041 0.277
MCI 0.004 0.009 0 0.001 0.077
Obs: 173

Bronars
CCEI 0.937 0.071 0.667 0.982 1
HMI 0.943 0.063 0.682 0.955 1
MPI 0.060 0.066 0 0.041 0.277
MCI 0.004 0.009 0 0.001 0.077
Obs: 173

Table B3: Rationality Index in Food Preference: Lab

Mean SD Min Median Max

Original
CCEI 0.940 0.101 0.500 0.990 1
HMI 0.920 0.100 0.409 0.955 1
MPI 0.050 0.061 0 0.028 0.274
MCI 0.017 0.055 0 0 0.517
Obs: 305

Bronars
CCEI 0.812 0.083 0.526 0.820 1
HMI 0.817 0.068 0.591 0.818 1
MPI 0.136 0.037 0 0.139 0.242
MCI 0.043 0.032 0 0.036 0.192
Obs: 1,000
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Table B4: Rationality Index in Risk Preference

Mean SD Min Median Max

Original
CCEI 0.949 0.080 0.500 0.990 1
HMI 0.908 0.089 0.591 0.909 1
MPI 0.043 0.059 0 0.020 0.443
MCI 0.009 0.027 0 0.001 0.298
Obs: 305

Bronars
CCEI 0.727 0.114 0.331 0.737 0.980
HMI 0.756 0.071 0.545 0.773 0.955
MPI 0.154 0.043 0.032 0.154 0.299
MCI 0.077 0.048 0.004 0.069 0.336
Obs: 1,000

Table B5: Rationality Index in Social Preference

Mean SD Min Median Max

Orginal
CCEI 0.934 0.129 0.250 1 1
HMI 0.925 0.088 0.591 0.955 1
MPI 0.058 0.080 0 0.025 0.426
MCI 0.013 0.042 0 0 0.306
Obs: 305

Bronars
CCEI 0.677 0.133 0.352 0.679 1
HMI 0.800 0.069 0.591 0.818 1
MPI 0.216 0.061 0 0.219 0.420
MCI 0.083 0.061 0 0.070 0.465
Obs: 1,000
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Table B7: Correlations of Rationality in Study 2: Social vs. Risk

Risk

CCEI HMI MPI MCI
EU DownwardOriginal FOSD Original FOSD Original FOSD Original FOSD

Social

Original 0.396 0.347 0.426 0.331 0.433 0.384 0.409 0.353 0.218 -0.400
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Downward -0.380 -0.382 -0.396 -0.421 0.388 0.374 0.410 0.434 -0.382 -0.233
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Table B8: Correlations of Rationality of Food Preference in Study 2: Field vs. Lab

Food: lab

CCEI HMI MPI MCI Downward

Food: field

Original 0.580 0.465 0.448 0.569 -0.546
(0.000) (0.000) (0.000) (0.000) (0.000)

Three years 0.520 0.472 0.400 0.550 -0.456
(0.000) (0.000) (0.000) (0.000) (0.000)

Three goods -0.190 -0.184 -0.184 -0.213 0.118
(0.012) (0.015) (0.015) (0.005) (0.122)

GAPP 0.367 -0.341 0.288 0.236 -0.372
(0.000) (0.000) (0.000) (0.000) (0.000)

Selten score 0.536 0.420 0.456 0.395 -0.407
(0.000) (0.000) (0.000) (0.000) (0.000)

Downward -0.325 -0.275 0.309 0.324 0.309
(0.000) (0.000) (0.000) (0.000) (0.000)
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Table B9: OLS Regressions for Demographics and Rationality in Study 2

Risk Social

(1) (2) (3) (4) (5) (6) (7) (8)
CCEI HMI MPI MCI CCEI HMI MPI MCI

Female -0.005 0.004 0.002 0.001 -0.020 -0.012 0.011 0.009*
(0.009) (0.010) (0.007) (0.003) (0.015) (0.010) (0.009) (0.005)

Medium income 0.016 0.017 -0.002 -0.007 0.014 0.012 -0.009 -0.005
(0.012) (0.014) (0.010) (0.004) (0.020) (0.014) (0.012) (0.007)

High income 0.046*** 0.044*** -0.023** -0.014*** 0.051** 0.028** -0.042*** -0.011*
(0.012) (0.014) (0.009) (0.004) (0.020) (0.014) (0.012) (0.007)

Medium edu 0.010 -0.010 -0.013 -0.001 0.023 0.003 -0.014 -0.011*
(0.012) (0.014) (0.009) (0.004) (0.020) (0.013) (0.012) (0.006)

High edu 0.006 0.012 -0.002 -0.002 0.023 0.013 -0.009 -0.012**
(0.010) (0.012) (0.008) (0.004) (0.017) (0.012) (0.010) (0.005)

Medium age -0.018 -0.012 0.011 0.004 0.008 0.005 -0.011 -0.002
(0.012) (0.014) (0.009) (0.004) (0.019) (0.013) (0.012) (0.006)

Elder age -0.049*** -0.027* 0.032*** 0.010** -0.063*** -0.039*** 0.030** 0.018**
(0.013) (0.015) (0.010) (0.005) (0.021) (0.014) (0.013) (0.007)

Family size -0.007 -0.002 0.007** 0.001 0.012 0.007 -0.002 -0.004
(0.005) (0.005) (0.003) (0.002) (0.007) (0.005) (0.004) (0.002)

N 305 305 305 305 305 305 305 305
R2 0.168 0.090 0.118 0.085 0.155 0.120 0.166 0.127

Note: Medium (High) income indicates whether family income is 5000-10000 (more than 10000) RMB per month. Medium (High)
education is high school (above high school). Medium (Elder) age refers to those born 1970-1989 (before 1969). Standard errors are
in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table B10: OLS Regressions for Demographics and Rationality in Study 2

Food: field Food: lab

(1) (2) (3) (4) (5) (6) (7) (8)
CCEI HMI MPI MCI CCEI HMI MPI MCI

Female 0.025** 0.021** -0.026*** -0.004*** 0.024** 0.022* -0.013* -0.008
(0.011) (0.010) (0.010) (0.001) (0.012) (0.012) (0.007) (0.007)

Medium income 0.024 -0.007 -0.020 0.001 0.029* 0.025 -0.018* -0.004
(0.015) (0.014) (0.014) (0.002) (0.016) (0.016) (0.010) (0.009)

High income 0.034** 0.009 -0.029** -0.003 0.031* 0.035** -0.025** 0.001
(0.014) (0.013) (0.013) (0.002) (0.016) (0.016) (0.010) (0.009)

Medium edu 0.021 0.015 -0.006 -0.003 0.022 0.017 -0.016* -0.008
(0.015) (0.014) (0.014) (0.002) (0.016) (0.016) (0.010) (0.009)

High edu 0.021* 0.011 -0.009 -0.002 0.008 -0.012 -0.003 0.002
(0.012) (0.011) (0.011) (0.002) (0.014) (0.014) (0.008) (0.008)

Medium age -0.012 0.016 0.002 0.001 -0.011 -0.019 0.010 0.014*
(0.014) (0.013) (0.013) (0.002) (0.016) (0.016) (0.009) (0.009)

Elder age -0.014 0.008 0.009 0.001 -0.029* -0.039** 0.021** 0.007
(0.015) (0.014) (0.014) (0.002) (0.017) (0.017) (0.010) (0.010)

Family size 0.011** 0.006 -0.017*** -0.001 0.015** 0.012** -0.008** -0.008**
(0.005) (0.005) (0.005) (0.001) (0.006) (0.006) (0.004) (0.003)

N 174 174 174 174 305 305 305 305
R2 0.146 0.068 0.160 0.107 0.084 0.083 0.095 0.048

Note: Medium (High) income indicates whether family income is 5000-10000 (more than 10000) RMB per month. Medium
(High) education is high school (above high school). Medium (Elder) age refers to those born 1970-1989 (before 1969). In
order measure expenditure and rationality in the field, we restrict our analyses to 174 consumers who bought both meat and
vegetables for at least 7 months in the two-year period between 2019 and 2020. Standard errors are in parentheses. * p < 0.10,
** p < 0.05, *** p < 0.01
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Table B11: OLS Regressions for Behavioral Factors and Rationality in Study 2

Risk Social

(1) (2) (3) (4) (5) (6) (7) (8)
CCEI HMI MPI MCI CCEI HMI MPI MCI

Expenditure -0.021 0.012 0.024 0.001 -0.042 -0.017 0.051** -0.000
(0.019) (0.022) (0.015) (0.005) (0.036) (0.022) (0.021) (0.013)

Frequency -0.108 -0.153 0.025 0.023 0.264 0.026 -0.146 0.006
(0.174) (0.203) (0.146) (0.046) (0.339) (0.203) (0.197) (0.119)

IQ 0.043** 0.031 -0.039** -0.013** 0.118*** 0.075*** -0.057** -0.030**
(0.021) (0.024) (0.017) (0.005) (0.040) (0.024) (0.023) (0.014)

Conscientiousness -0.001 -0.001 -0.001 0.001 0.002 0.007 -0.002 0.000
(0.005) (0.006) (0.004) (0.001) (0.010) (0.006) (0.006) (0.004)

Extraversion -0.000 -0.008 0.004 -0.000 -0.013 -0.009 0.009 0.002
(0.006) (0.006) (0.005) (0.001) (0.011) (0.007) (0.006) (0.004)

Agreeableness 0.005 -0.003 -0.002 -0.002 -0.000 -0.002 0.001 -0.002
(0.006) (0.007) (0.005) (0.001) (0.011) (0.007) (0.006) (0.004)

Openness -0.001 0.003 -0.000 0.000 -0.003 -0.008 0.005 0.002
(0.006) (0.007) (0.005) (0.001) (0.011) (0.007) (0.006) (0.004)

Neuroticism -0.012** -0.010 0.010** 0.002 -0.003 -0.005 0.002 0.001
(0.006) (0.007) (0.005) (0.001) (0.011) (0.007) (0.006) (0.004)

Control Yes Yes Yes Yes Yes Yes Yes Yes

N 174 174 174 174 174 174 174 174
R2 0.259 0.181 0.237 0.190 0.186 0.264 0.223 0.158

Note: Control variables include gender, income, education, age dummies and family size. In order measure expenditure and
rationality in the field, we restrict our analyses to 174 consumers who bought both meat and vegetables for at least 7 months in
the two-year period between 2019 and 2020. Standard errors are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table B12: OLS Regressions for Behavioral Factors and Rationality in Study 2

Food: field Food: lab

(1) (2) (3) (4) (5) (6) (7) (8)
CCEI HMI MPI MCI CCEI HMI MPI MCI

Expenditure 0.039** 0.054*** -0.051*** -0.006*** 0.051* 0.074*** -0.043*** -0.008
(0.018) (0.016) (0.017) (0.002) (0.026) (0.025) (0.015) (0.013)

Frequency -0.143 -0.394** 0.309* 0.015 0.287 0.048 -0.209 -0.158
(0.169) (0.151) (0.157) (0.022) (0.242) (0.235) (0.143) (0.121)

IQ -0.008 0.010 0.012 0.002 -0.035 -0.025 0.015 0.024*
(0.020) (0.018) (0.018) (0.003) (0.028) (0.028) (0.017) (0.014)

Conscientiousness 0.015*** 0.013*** -0.005 -0.002*** 0.022*** 0.021*** -0.016*** -0.007*
(0.005) (0.005) (0.005) (0.001) (0.007) (0.007) (0.004) (0.004)

Extraversion 0.002 0.006 -0.004 -0.001 -0.005 0.006 0.005 0.002
(0.005) (0.005) (0.005) (0.001) (0.008) (0.008) (0.005) (0.004)

Agreeableness 0.000 0.007 (-0.002) -0.001 -0.008 -0.001 0.004 0.001
(0.006) (0.005) (0.005) (0.001) (0.008) (0.008) (0.005) (0.004)

Openness 0.000 -0.001 0.009* -0.000 0.010 0.008 -0.005 -0.005
(0.005) (0.005) (0.005) (0.001) (0.008) (0.008) (0.005) (0.004)

Neuroticism 0.002 0.005 -0.001 -0.001 -0.001 -0.001 0.002 -0.003
(0.005) (0.005) (0.005) (0.001) (0.008) (0.008) (0.005) (0.004)

Control Yes Yes Yes Yes Yes Yes Yes Yes

N 174 174 174 174 174 174 174 174
R2 0.218 0.210 0.237 0.198 0.206 0.221 0.251 0.123

Note: Control variables include gender, income, education, age dummies and family size. In order measure expenditure and rationality
in the field, we restrict our analyses to 174 consumers who bought both meat and vegetables for at least 7 months in the two-year
period between 2019 and 2020. Standard errors are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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C Experiment Instructions

C.1 Risk Preference Task

As your choice may influence the bonus you receive, please ensure that you understand
the following instructions and answer carefully.

• This experiment consists of 22 rounds. In every round, you have 100 points that need
to be allocated between the blue membership card (Blue Card) and red membership
card (Red Card).

• In the following example:

– Blue Card: 1 point = RMB 1.00, that is, each point on the Blue Card is worth
RMB 1.00

– Red Card: 1 point = RMB 0.38, that is, each point ofn the Red Card is worth
RMB 0.38

• As shown in the graph, you need to create an allocation plan. Different allocation
plans influence the amount of money on your card, that is,

– If 0 points are allocated to the Blue Card and all 100 points are allocated to the
Red Card, then there will be RMB 0 on the Blue Card and RMB 38 on the Red
Card;

– If 10 points are allocated to the Blue Card and 90 points are allocated to the Red
Card, then there will be RMB 10 on the Blue Card and RMB 31.5 on the Red
Card;

– ...
– If all 100 points are allocated on the Blue Card and 0 point is allocated on the

Red Card, then there will be RMB 100 on the Blue Card and RMB 0 on the Red
Card.

• In each decision-making round, you have a 50% chance of getting the money on the
Blue Card and another 50% chance of getting the money on the Red Card. As shown
in the graph, when you choose 10 (10 points for the Blue Card and 90 points for the
Red Card), you will find the following note below the bar graph “You will have a 50%
chance of getting RMB 10 and another 50% chance of getting RMB 31.5”. When you
click on an option between 0 and 100, the corresponding amounts of money on both
cards will be displayed below the bar graph.
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• Different choices will lead to different gains and risks.

– The gains are reflected in the total length of the two-colored bars: the longer the
bars are, the greater is the gain; and the shorter the bars are, the smaller is the
gain.

– Risk is reflected in the difference between the lengths of the two-colored bars: the
greater is the difference in length, the greater the risk is; and the smaller is the
difference in length, the smaller the risk is.

• At the end of the experiment, the computer will select one decision round randomly,
where each card had an equal probability of being chosen, and the subject will be paid
the amount he/she had earned in that round.
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C.2 Social Preference Task

As your choice may influence the bonus you receive, please ensure that you understand
the following instructions and answer carefully.

• This experiment consists of 22 rounds. In every round, you have 100 tokens, which
need to be allocated between you and another supermarket customer.

• In the following example:

– 1 token = RMB 0.3 for the other
– 1 token = RMB 0.15 for you

• As shown in the graph, you need to create an allocation plan. Different allocation
methods influence the amount of money between you and the other, that is,

– if 0 % is allocated to the other and 100 % to yourself, the other will have RMB
0, and you will have RMB 15;

– if 10 % is allocated to the other and 90 % for yourself, the other will have RMB
3, and you will have RMB 13.5;
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– ...
– if 100 % is allocated to the other and 0 % tor yourself, the other will have RMB

15, and you will have RMB 0.

• As shown in the graph, when you choose 70 (30 points for the other and 70 points
for yourself), you will find the following note below the bar graph “The other will get
RMB 21, and you will get RMB 4.5”. When you click on an option between 0 and 100,
the corresponding amount of money for both will be displayed below the bar graph.

• At the end of the experiment, the computer will select one decision round randomly,
and the subjects will be paid the amounts they each earned in that round.
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C.3 Food Preference Task

As your choice may influence the bonus you receive, please ensure that you understand
the following instructions and answer carefully.

• This experiment consists of 22 rounds. In every round, you now have RMB 50 and can
buy tomato or ham with these moneys.

• In the following example:

– tomato: 6 RMB/kg
– picnic ham: 35 RMB/kg

• As shown in the graph, you need to create an allocation plan. Different plans influence
the amount of picnic ham and tomatoes you buy, that is,

– if 0% of the expenditure is allocated to ham and 100% to tomato, you will buy 0
kg picnic ham and 8.3 kg tomatoes.

– if 10% of the expenditure is allocated to ham and 90% to tomato, you will buy
0.14 kg ham and 7.5 kg tomatoes.

– ...
– if 100% of expenditure is allocated to ham and 0% to tomato, you will buy 1.43

kg ham and 0 kg tomatoes.

• As shown in the graph, when you choose 50 (RMB 25 for hams and RMB 25 for
tomatoes), you will find the following note below the bar graph: “You will get 0.7 kg
of ham and 4.2 kg tomatoes”. When you click on an option between 0 and 100, the
corresponding amounts of money allocated to each product will be displayed below the
bar graph.
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• At the end of the experiment, the computer will select one decision round randomly,
and the subjects will be paid the amounts they each earned in that round.

56



C.4 Post-Experiment Questionnaire

• Big Five Personality Traits Test
(7 Likert Scale) I see myself as someone who

– is reserved
– is generally trusting
– tends to be lazy
– is relaxed, handles stress well
– has few artistic interests
– is outgoing, sociable
– tends to find fault with others
– does a thorough job
– gets nervous easily
– has an active imagination

• Raven’s IQ Test
In each of the following questions, a part of the graph is missing from its lower right
side, please find the appropriate graph to fill in the gaps. There is only one correct
answer for each question.

Figure C1: Sample Question of Raven’s IQ Test

• Demographics

– Gender:
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– Year of Birth:
– Number of household members in your household:
– Your hukou is: Urban/Rural
– Individual monthly income:
– Household monthly income:
– Your education level:
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