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Abstract 1 

Inequity aversion is an important factor in fairness behavior. Previous work suggests that children 2 

show more cross-cultural variation in their willingness to reject allocations that would give them 3 

more rewards than their partner — advantageous inequity (AI) — as opposed to allocations that 4 

would give them less than their partner — disadvantageous inequity (DI). However, as past work has 5 

relied solely on children’s decisions to accept or reject these offers, the algorithms underlying this 6 

pattern of variation remains unclear. Here, we explore the computational signatures of inequity 7 

aversion by applying a computational model of decision-making to data from children (N = 807) 8 

who played the Inequity Game across seven societies. Specifically, we used drift-diffusion models 9 

to formally distinguish evaluative processing (i.e., the computation of the subjective value of 10 

accepting or rejecting inequity) from alternative factors such as decision speed and response 11 

strategies. Our results suggest that variation in the development of inequity aversion across 12 

societies is best accounted for by variation in the drift rate — the direction and strength of the 13 

evaluative preference. Our findings underscore the utility of looking beyond decision data to better 14 

understand behavioral diversity. 15 

Keywords:  inequity aversion, cross-cultural, reaction time, drift-diffusion model 16 
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Human cooperation is possible only when people are willing to redress unfair inequities. 17 

This willingness, known as inequity aversion (Fehr & Schmidt, 1999), cannot be taken for granted. 18 

Far from being an inevitable and universal feature of human psychology, inequity aversion varies 19 

widely across development and between cultures. What are the computational mechanisms 20 

underlying this variation? The answer to this question remains a mystery, presenting a major 21 

obstacle to understanding the psychological origins of fairness, cooperation, and successful human 22 

society. Here, we address this mystery by using, for the first time, a computational model of 23 

decision-making to explore the algorithmic underpinnings of inequity aversion across development 24 

in seven diverse countries. In doing so, we aim to advance the broader scientific aim of illuminating 25 

the ontogeny of human fairness, complementing related research on topics including, but not 26 

limited to, how children develop notions of deservedness, such as merit (Baumard et al., 2012) and 27 

need (Wörle & Paulus, 2018); the role of collaboration and mutual respect in children’s adherence 28 

to fairness norms (Corbit et al., 2017; Engelmann & Tomasello, 2019); and children’s reasoning 29 

about fairness outside of distributional contexts, such as those that call upon procedural (Shaw & 30 

Olson, 2014) and retributive (Smith & Warneken, 2016) concerns. 31 

Our investigation into inequity aversion begins with the premise that inequity aversion is 32 

not a unitary construct. There are at least two psychologically distinct types of inequity aversion 33 

that follow different patterns of developmental and cultural variation. One is advantageous 34 

inequity aversion: a willingness to redress inequity that favors oneself by paying a personal cost 35 

(Fehr & Schmidt, 1999). The other is disadvantageous inequity aversion: a willingness to redress 36 

inequity that favors another by imposing a cost on the advantaged party.  37 

Numerous lines of research have converged on the conclusion that advantageous and 38 

disadvantageous inequity aversion are distinct psychological constructs. In work with non-human 39 
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animals, some species show responses that are broadly consistent with disadvantageous inequity 40 

aversion (Brosnan et al., 2005; Brosnan & de Waal, 2014; Massen et al., 2012; Talbot et al., 2011), 41 

whereas few, if any, species show an aversion to advantageous inequity (McAuliffe & Santos, 42 

2018). Among humans, Western adults display stronger aversion to disadvantage over advantage 43 

across a range of situations (Loewenstein et al., 1989), consistent with work showing that as the 44 

personal cost of an action increases, a person’s likelihood of performing it tends to decrease 45 

(Dovidio et al., 1991; Imas, 2014; Sullivan-Toole et al., 2019). Advantageous and disadvantageous 46 

inequity aversion also appear to have distinct neural signatures (Fliessbach et al., 2012; Gao et al., 47 

2018; Tricomi et al., 2010). 48 

 Most relevant to the present investigation is work documenting variation in the behavioral 49 

expression of the two types of inequity aversion across ages and across societies. Starting in 50 

infancy, humans expect windfalls to be divided equitably and are surprised when they are not 51 

(Geraci & Surian, 2011; Sloane et al., 2012). By the age of three, most children will explicitly state 52 

that resources should be shared equally, rather than unequally (Smith et al., 2013), but react 53 

differently to advantageous versus disadvantageous inequity, displaying more negative affect 54 

when receiving less (LoBue et al., 2011). Children’s aversion to disadvantageous inequity is strong 55 

in social contexts — where there is another recipient present — but also shows up in non-social 56 

contexts, such as when a child simply receives the lesser of two payoffs, with no other recipient 57 

involved (McAuliffe et al., 2013, 2017). As humans age, responses to inequity undergo maturational 58 

changes that reflect a gradual progression from a more self-focused aversion to inequity to a more 59 

generalized aversion to inequity (Damon, 2008; McAuliffe et al., 2017). Specifically, 60 

disadvantageous inequity aversion appears to be a foundational response, emerging early in 61 

development and consistently across cultures (Blake & McAuliffe, 2011; Blake et al., 2015), while 62 
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advantageous inequity aversion emerges later in development and more variably across cultures 63 

(Blake & McAuliffe, 2011; Blake et al., 2015; Corbit et al., 2017; Shaw et al., 2016; Shaw & Olson, 64 

2014). Results convergently point to an early-emerging unwillingness to accept less than a partner, 65 

though at the youngest ages, children appear more than willing to accept more than a partner 66 

(Blake & McAuliffe, 2011; McAuliffe et al., 2017; Sheskin et al., 2014). This pattern begins to shift in 67 

some societies in middle childhood. In the United States, for instance, around the age of eight, 68 

many children begin to consistently reject allocations of advantageous inequity, incurring a cost to 69 

themselves to prevent their peer from receiving less than them (Blake & McAuliffe, 2011; McAuliffe 70 

et al., 2013). Additionally, children’s reaction times are much slower when faced with advantageous 71 

inequity, as opposed to equal allocations, suggesting that children may be experiencing conflict or 72 

tension when faced with receiving more than a partner (Blake & McAuliffe, 2011). However, these 73 

patterns do not appear to be consistent across all societies (Paulus, 2015), suggesting a role for 74 

cultural norms in shaping inequity aversion. Comparative research with chimpanzees and human 75 

children suggests that while children sometimes sacrifice to equalize when they receive more – 76 

exhibiting advantageous inequity aversion — no such behavior is observed among chimpanzees, 77 

who focus primarily on maximizing their own resources (Ulber et al., 2017). Thus, advantageous 78 

inequity aversion may be uniquely important among humans.  79 

In what follows, we review prior research on developmental and cultural differences in the 80 

Inequity Game — a standardized task to measure inequity aversion— and highlight outstanding 81 

questions about the computational mechanisms underlying this variation. Then, we introduce a 82 

computational model of decision making, and use it to glean novel insights into the nature of 83 

inequity aversion, both advantageous and disadvantageous. 84 

 85 
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The Inequity Game Across Age and Culture 86 

Much of the research on inequity aversion has employed a standardized resource allocation 87 

task called the Inequity Game, designed to capture children’s responses to advantageous and 88 

disadvantageous inequity relative to equality. The Inequity Game is played by two children: an 89 

actor and a recipient. The actor makes decisions to accept or reject different allocations of food 90 

rewards. Some offers reflect advantageous inequity (e.g., four food items for the actor versus one 91 

food item for the recipient), some reflect disadvantageous inequity (e.g., one food item for the 92 

actor versus four food items for the recipient), and some are equitable (e.g., one food item for both 93 

children). Advantageous inequity aversion is indexed by higher rejection rates for advantageously 94 

inequitable offers relative to equitable offers; disadvantageous inequity aversion is indexed by 95 

higher rejection rates for disadvantageously inequitable offers relative to equitable offers.  96 

The Inequity Game was used first by Blake and McAuliffe (2011) in research on the 97 

development of inequity aversion among American children. The results of this study revealed 98 

evidence for the early emergence of disadvantageous inequity aversion, with advantageous 99 

inequity aversion emerging later in development. Specifically, 8-year-old children, but not 4- to 7-100 

year-old children, rejected advantageously inequitable allocations at a higher rate than equitable 101 

allocations. This was not true of disadvantageously inequitable allocations, which children of all 102 

ages rejected more often than equitable allocations.  103 

In addition to analyzing rejection rates, Blake and McAuliffe (2011) analyzed reaction times 104 

(RTs) — how quickly children chose to accept or reject each allocation. These analyses, like those of 105 

rejection rates, suggest that, among American children, the willingness to reject advantageously 106 

inequitable allocations is weak early in life, but increases later in development. Specifically, 4- to 7-107 

year-olds were faster to accept advantageously inequitable allocations than they were to reject 108 
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such allocations, whereas 8-year-old children accepted and rejected advantageously inequitable 109 

allocations with similar speed. Analyses of RTs further corroborated the analyses of rejection rates 110 

by implying that disadvantageous inequity aversion emerges early: children of all ages were just as 111 

fast to accept disadvantageously inequitable offers as they were to reject such offers.  112 

Recently, researchers have begun examining the development of inequity aversion in 113 

children across societies (Blake et al., 2015; Huppert et al., 2019; Rochat et al., 2009). This work 114 

addresses a critical gap in a literature that, for many years, focused almost exclusively on 115 

individuals living in Western, Educated, Industrialized, Rich, and Democratic (WEIRD) societies  116 

(Henrich et al., 2010). Even now, in developmental science, the vast majority of samples — over 117 

90% — come from WEIRD societies that represent less than 5% of the world’s population (Nielsen 118 

et al., 2017). While the dichotomy implied by the WEIRD/non-WEIRD distinction does not capture 119 

the full diversity of human variation — there is often more variation within a society than between 120 

societies — it serves as a useful reminder that there are constraints on the generalizability of 121 

findings from exclusively Western participants. Given the pivotal role of culture in the evolutionary 122 

history of humankind and its unique function as a determinant of psychological and behavioral 123 

variation, an exclusive focus on a small subset of cultures severely limits our understanding of the 124 

diversity of human behavior (Amir & McAuliffe, 2020; Kline et al., 2018). Psychological 125 

investigations studying more diverse participant populations frequently find striking levels of 126 

variation in domains ranging from judgment (Fu et al., 2007; Lobel et al., 2001) and decision-127 

making (Amir et al., 2019; Blake et al., 2015; House et al., 2019; Huppert et al., 2018) to reasoning 128 

(Christie et al., 2020), attention (Kuwabara & Smith, 2012) and memory (Santos et al., 2005).  129 

Inequity aversion varies across cultures too. Adopting both a cross-cultural and 130 

developmental research design, members of our research team previously used the Inequity Game 131 
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to investigate the ontogeny of inequity aversion (Blake et al., 2015). Looking across 866 pairs of 132 

children across seven diverse societies, Blake et al. (2015) uncovered two key findings: (i) 133 

disadvantageous inequity aversion emerged across all populations by middle childhood, but (ii) 134 

advantageous inequity aversion was more variable, emerging only later in development, and only 135 

in three populations — Uganda, Canada, and, replicating the results of Blake and McKauliffe (2011), 136 

the United States. 137 

These results may seem to point to cultural variation in the development of evaluative 138 

preferences for equity over different types of inequity. Specifically, they may seem to suggest that, 139 

early in development, children across societies value equity over disadvantageous inequity, and 140 

only later in development, and in fewer societies, do children come to value equity over 141 

advantageous inequity. The truth is, however, that the results reviewed thus far do not permit 142 

inferences about evaluative preferences. This is because evaluative preferences cannot be inferred 143 

directly from raw behavioral data, such as choices and RTs in the Inequity Game.  144 

For many reasons, choices do not always reflect people’s underlying preferences. For 145 

instance, the choice to accept an offer may reflect a prepotent response bias to accept allocations 146 

in general, rather than an evaluative preference for the specific allocation on offer. RTs are 147 

amenable to multiple interpretations as well  (Baron et al., 2012; Donders, 1969; Evans et al., 2015; 148 

Fong, 2006; Rand, 2016; Simon, 1990; Sternberg, 1969; Wong et al., 2017). For instance, if 149 

someone is faster to accept an allocation than to reject that allocation, this may reflect an 150 

evaluative preference for accepting (Diederich, 2003; Jamieson & Petrusic, 1977; Konovalov & 151 

Krajbich, 2019; Tversky & Shafir, 1992), but it could also reflect variation in other factors, such as 152 

non-decision time (i.e. the time it takes to visually process the allocation and recruit motor 153 

processes) or simple impatience.  154 
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To summarize, the development of inequity aversion varies systematically across societies; 155 

disadvantageous inequity aversion emerges early and in most cultures, whereas advantageous 156 

inequity aversion emerges later and in a smaller subset of cultures. However, the computational 157 

mechanisms underlying this variation cannot be gleaned from prior studies, which have relied 158 

solely on raw behavioral data. Accordingly, in the present investigation, we adopt a computational 159 

approach designed to disentangle evaluative preferences from alternative mechanisms that might 160 

account for cultural variation in the development of inequity aversion. We describe this approach, 161 

known as drift diffusion modeling, in detail below. 162 

 163 

Drift-Diffusion Modeling 164 

Computational models can link behavioral data to specific components of their underlying 165 

psychological mechanisms. When behavioral data characterize binary decisions, such as accepting 166 

or rejecting allocations of resources, the most popular model of the underlying decision-making 167 

process is the drift-diffusion model (DDM) (Forstmann et al., 2016; Ratcliff et al., 2016; Ratcliff & 168 

McKoon, 2007). This model formally distinguishes evaluative processing (i.e., the computation of 169 

the subjective value of the two response options) from factors external to the evaluative process 170 

that influence the decisions people make and the speed with which they make them. These 171 

external factors include response strategies, such as opting to make fast, intuitive responses versus 172 

slow, deliberative responses, or a prepotent response bias toward favoring one option (e.g., 173 

“accept”) over the other (e.g., “reject”) regardless of the specific offer on hand. External factors 174 

also include non-decision time, or the time it takes people to start the decision-making process and 175 

to act on their decisions. DDMs can provide insight into each individual component of the decision-176 

making process, identifying which component, or combination thereof, underpins variation in 177 
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inequity aversion across age and between cultures (Large et al., 2019). In other words, a DDM could 178 

reveal whether the variation observed in the original Blake et al. (2015) investigation reflects 179 

variation in evaluative preferences for equity over different types of inequity, or something else 180 

entirely.  181 

The same cannot be said of analyses of pure choice or RT data. To see why, consider a 182 

situation in which older children are found to reject disadvantageous inequality more than younger 183 

children. This effect could reflect age-related differences in evaluations of disadvantageous 184 

inequity, but it could also emerge exclusively from age-related differences in response strategies. 185 

Specifically, older children may simply spend more time evaluating their choices; if children of all 186 

ages dislike disadvantageous inequity to the same degree, but also have a prepotent bias to accept 187 

any offer, then simply by evaluating their options for longer, older children would be more likely to 188 

accumulate enough evidence (i.e., information of any sort that favors one response over another) 189 

to overrule their initial response bias. Ultimately, younger and older children would exhibit 190 

different choice patterns despite sharing the same underlying evaluative preferences. This is the 191 

sort of ambiguity that DDMs can resolve. 192 

In addition to mapping effects of development and culture to underlying computational 193 

mechanisms, DDMs can detect effects of development and culture that are invisible to traditional 194 

analytic approaches. As an example, suppose two decision-making parameters vary across cultures 195 

in a way that produces equal and opposite effects on mean RT — the effect of one parameter 196 

cancels out the effect of the other, resulting in identical mean RTs across cultures, despite 197 

substantive cross-cultural differences in the underlying cognitive process. These cross-cultural 198 

differences would go unnoticed by a simple regression model that uses culture to predict RT. The 199 

DDM obviates these limitations by taking advantage of the fact that the entire shape of a RT 200 
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distribution changes in predictable ways as a function of evaluative processing, response 201 

strategies, and non-decision time. For instance, a change in evaluative preferences will alter not 202 

just the mean of a RT distribution, but also variance and skewness, whereas changes in non-203 

decision time will alter only the mean. By accounting for the unique contribution of each 204 

component of decision-making to the entire shape of the response time distribution, the DDM can 205 

uncover effects of development and culture on the computational mechanisms underlying inequity 206 

aversion that do not show up in mean-level patterns of behavior. 207 

The DDM makes several assumptions. It assumes that people make decisions by estimating 208 

the subjective value of each response option (e.g., “accept” and “reject”) and then selecting the 209 

response option whose estimated value is greatest. It also assumes that estimates of subjective 210 

value fluctuate throughout the decision-making process due to variation in the strength and focus 211 

of attention and the stochastic nature of neuronal firing; in other words, DDMs assume that 212 

evaluation is noisy. In the DDM, fluctuating estimates of subjective value are represented as 213 

random draws from probability distributions whose means denote the subjective value of each 214 

response option. Thus, the estimated value of one response option relative to the other (i.e., the 215 

“evidence” for that response option) fluctuates randomly around a fixed value corresponding to the 216 

difference between the means of the two value distributions. This fixed value is called the drift 217 

rate, denoted as v, and it can be thought of as the subjective preference (e.g., how much a child 218 

prefers to accept versus reject an offer). The DDM further assumes that decision-makers  average 219 

out the noise in the evaluation process by repeatedly sampling estimates of their subjective 220 

preference and aggregating over time until enough evidence has been acquired to make a decision. 221 

Thus, in addition to the drift rate (i.e., the subjective preference), the DDM involves a decision 222 

threshold, denoted as a, which quantifies the amount of evidence required before a decision is 223 
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made. The final two elements of the DDM are the starting point (or “bias”) of the drift-diffusion 224 

process, denoted as z, which quantifies the degree to which one response option is favored before 225 

evidence is available, and non-decision time, denoted as t, which quantifies the time consumed by 226 

perception and motor processes (e.g., how long it takes the child to count the number of candies 227 

on each tray, or to pull the lever after arriving at a decision).  228 

Estimating the parameters of the DDM can reveal how culture and development shape 229 

each component of the decision-making process. The evaluative component of decision-making 230 

corresponds to the drift-rate (v); its sign (positive for accept, or negative for reject) denotes which 231 

of the two response options is preferred (a value of zero corresponds to no preference), and its 232 

magnitude denotes the strength of the preference (Figure 1). The threshold (a) and starting point 233 

(z) capture response strategies. The threshold (a) captures the speed-deliberation tradeoff such 234 

that smaller values correspond to a preference for speed and larger values correspond to a 235 

preference for deliberation. The starting point (z) captures pre-potent response bias by 236 

determining which of the two response options are favored before decision-making begins. By 237 

finding the values of v, a, z, and t that provide the best fit to participants’ choice and RT data, we 238 

can quantify how these parameters vary across age and culture, thereby revealing the 239 

computational mechanisms of developmental and cultural effects on inequity aversion. That is, we 240 

can ask: to what extent are cross-cultural and age-related effects in inequity aversion driven by 241 

evaluative processing (v), response strategies (a and/or z), and non-decision time (t)? 242 
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Figure 1. The four parameters of the drift-diffusion model (DDM). Each zig-zag line represents the 
evidence accumulation process on a single trial. 
 

The Present Study 243 

In this study, we examine the computational signatures of inequity aversion across age and 244 

diverse societies. In these analyses, we use DDMs to quantify the contributions of evaluative 245 

processing, response strategies, and non-decision time on the behavior of 807 children in the 246 

Inequity Game across seven countries. Specifically, we test between three possibilities: that 247 

cultural and developmental variation in the behavioral expression of inequity aversion (i) results 248 

entirely from differences in evaluative preferences, (ii) is not at all related to differences in 249 

evaluative preferences, or (iii) results in part from differences in evaluative preferences, and in part 250 

from other mechanisms. Testing between these possibilities is critical for identifying the specific 251 

aspects of cognition that explain cultural differences in the development of inequity aversion. 252 

Methods 253 
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Participants 254 

In the full sample, 866 pairs of children between 4 and 15 years old were recruited from 255 

seven different societies: Canada (N = 96), India (N = 104), Mexico (N = 68), Peru (N = 149), Senegal 256 

(N = 128), Uganda (N = 114), and the United States (N = 207). In Canada, participants were recruited 257 

from the small, rural university town of Antigonish in Nova Scotia. The vast majority of this 258 

population is White-Caucasian, English-speaking, and economically centered around the local 259 

university, hospital, agriculture, and fishing. In India, participants were recruited from three villages 260 

located near the city of Vijayawada, Andhra Pradesh in the Southeast of India. The core occupation 261 

is seasonal agricultural labor, and the dominant language in the villages is Telugu. In Mexico, 262 

participants were recruited in a small rural village in Puuc region of the Yucatan Peninsula. Families 263 

practice subsistence agriculture, and primarily speak Maya. In Peru, participants were primarily 264 

recruited from the village of San Pedro de Saño. Livelihood among these communities is typically 265 

gained through agriculture, traditional crafts, service work, or labor, and the dominant local 266 

language is Spanish. In Senegal, participants were recruited from the Dakar region, a peninsula off 267 

the Atlantic coast of West Africa. The main economy is foreign exchange, including the export of 268 

fish and petrol, as well as tourism. The main ethnic groups in the region are Wolof and Lebou. The 269 

official language is French, with people in addition speaking their ethnic languages (mostly Wolof 270 

in the areas where the research was conducted). In Uganda, participants were recruited in the 271 

Kabarole District in Western Uganda, near the border to the Democratic Republic of Congo.  The 272 

people are predominantly Batooro with a small number of Bakiga, speaking the related Bantu 273 

languages of Rutooro and Rukiga. Most adults are engaged in subsistence farming, growing much 274 

of their own food.  A more detailed breakdown of the sample — with variables like gender and 275 
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familiarity — in addition to further information about the research sites can be found in the 276 

Supplement.  277 

Children in the full sample received both test trials and practice trials. As reaction time data 278 

was coded from video recordings, the DDM analyses were based on a subset of approximately 93% 279 

of the total sample (N = 807): Canada (N = 92), India (N = 100), Mexico (N = 49), Peru (N = 145), 280 

Senegal (N = 121), Uganda (N = 112), and the United States (N =188).  281 

Inequity Game 282 

The Inequity Game is a standardized resource allocation task designed to isolate concerns 283 

for distributional inequity in the absence of other concerns, such as those for deservedness or 284 

merit. In the Inequity Game, the experimenter recruits two children to sit face-to-face with the 285 

Inequity Game apparatus (Figure 2) between them. This apparatus consists of two trays — one for 286 

the actor and one for the recipient — and a green and red handle that can be used to accept (green) 287 

or reject (red) different allocations of rewards in the form of small food items. The experimenter 288 

assigns pairs of children to the Advantageous Inequity (AI) or Disadvantageous Inequity (DI) 289 

condition, and assigns one child to the role of actor and the other to the role of recipient. In the AI 290 

condition the actor receives four rewards, while the recipient receives one (4-1). In the DI condition 291 

the actor receives one reward, while the recipient receives four (1-4). In addition to the unequal 292 

trials, children are presented with Equal trials (EQ) in which both the actor and recipient receive 293 

one reward (1-1) to allow comparison of children’s responses to equity and inequity. The actor is 294 

then given a choice between accepting or rejecting the allocation. If the actor accepts the 295 

allocation, the rewards are paid out accordingly into the actor and recipient’s bowls. If the actor 296 

rejects the allocation, the rewards are discarded into the center bowl and neither receives any 297 

rewards. The position of the levers does not change across trials.  298 
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Figure 2. A depiction of the Inequity Game apparatus showing an advantageous inequity 
distribution. The actor is on the left and has the ability to pull one of two handles — green or red — 
to accept or reject the distribution, respectively. 
 

Design 299 

Test trials were carried out according to a 2x2 design with Inequity Type (DI or AI) as a 300 

between-subjects variable and Distribution (Equal or Unequal) as a within-subjects variable. The AI 301 

condition consisted of a 4-1 distribution of resources which favored the decider, while the DI 302 

condition consisted of a 1-4 distribution that favored the recipient. In both cases, rejections went 303 

against immediate self-interest and deprived a peer of rewards. In India and Peru, children received 304 

twelve test trials: six equal and six unequal trials, which were presented in blocks of six equal and 305 

six unequal trials. Blocks were counterbalanced across participants. In India and Peru, children 306 

received the same kind of candy across all trials. In Canada, Mexico, Senegal, Uganda, and the 307 

USA, children received sixteen test trials. Trials were blocked according to food value (see 308 

Supplement), with a block of eight high value trials and a block of eight low value trials. Within 309 

value blocks, children were randomly presented with four equal and four unequal trials. Although 310 

procedural variation may have inflated variation across cultures, none of the cross-cultural effects 311 
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we observed were unique to Peru and India, which suggests that our results are not reducible to 312 

differences in superficial features of the task. Age range groupings were created prior to testing 313 

and consisted of the following groups: 4–6-year-olds, 7–9-year-olds, 10–12-year-olds, and 13–15-314 

year-olds. 315 

All study procedures and protocols were approved by Institutional Review Boards of 316 

Harvard University (IRB F18470-108, F18470-118, F18643-105). St. Francis Xavier University, 317 

Antigonish, Canada (IRB #21630), the University of Utah (IRB #00065740), the Cheik Anta Diop 318 

University in Senegal and the Uganda National Council for Science and Technology (IRB #SS 2761), 319 

respectively (Blake et al., 2015). 320 

Procedure 321 

Participants were matched by gender for each session and by age as closely as possible 322 

based on the children who were available for each session. The local experimenter at each site 323 

assigned each pair of children to the AI or DI condition within their age group, and designated one 324 

child as the actor and the other as the recipient. As described above, the two children sat face-to-325 

face and were presented with the Inequity Game apparatus (Figure 1), which consisted of two trays 326 

— one for the actor and one for the recipient — and two handles that could be used to accept or 327 

reject different allocations of rewards. If the actor pulled the green handle, they accepted the offer 328 

and the rewards were paid out accordingly into the actor and recipient’s bowls. If the actor pulled 329 

the red handle, they rejected the offer and the rewards were discarded into the center bowl. The 330 

rewards used in this study varied by site, but always consisted of small food items (see 331 

Supplement). 332 

Once children were seated on either side of the apparatus, the experimenter explained the 333 

basic rules of the game. Children were not to touch the apparatus when the resources were being 334 
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distributed, not to talk during the game, and to wait until the game ended to eat the treats. 335 

Children were introduced to a stick that rested atop the trays and instructed to wait until the stick 336 

had been removed before pulling a handle. The experimenter then explained how the handles 337 

worked by reciting the following instructions: “You can either pull the green handle or the red 338 

handle. If you pull the green handle, look what happens [Experimenter pulls green handle to 339 

demonstrate]. The [treats] fall into your bowls and you get to keep those. You move those over to 340 

the side bowls and you get to take those home at the end of the game.” To demonstrate the red 341 

handle the experimenter said: “If you pull the red handle, look what happens [Experimenter pulls 342 

red handle to demonstrate]. They drop into the middle and nobody gets those treats.” During the 343 

task, rewards gained on trials were moved to side bowls so that children could clearly see the 344 

rewards for both children gained by accepting on a trial and also see the accumulation of rewards 345 

over the course of the session. 346 

After the demonstration phase, the experimenter presented three practice trials to the 347 

children: one equal (one candy for the actor, one candy for the recipient; 1-1), and two unequal 348 

trials (one candy for the actor, no candies for the recipient; 1-0 and no candies for the actor, one 349 

candy for the recipient; 0-1). The equal practice trial was always presented first while the order of 350 

the second and third practice trials was counterbalanced between participants. The experimenter 351 

placed allocations of rewards on both sides of the apparatus, always placing the rewards on the 352 

recipient’s side first in order to ensure that the actor paid attention to the recipient’s payoff before 353 

attending to their own. If a participant pulled only one handle during the practice trials, rejecting or 354 

accepting all offers, they were then given one extra 1-1 allocation and asked to demonstrate their 355 

knowledge of the handle they had not pulled (e.g., “Show me how you would make the treats fall 356 

into the middle bowl”). For each child, we recorded whether they accepted or rejected each of the 357 
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practice trials.  Children’s behavior in the practice trials, and related exploratory analyses, can be 358 

found in the Supplement.  Following practice trials, children were presented with test trials (see 359 

above for description of test trials). For each trial, we recorded whether the participant accepted or 360 

rejected an allocation (decision data were originally reported in Blake et al., 2015). Following the 361 

test trials, the experimenter probed children’s justifications for their behavior in a series of open-362 

ended questions. These, and analyses digging more deeply into children’s verbal responses, can be 363 

found in the Supplement.   364 

Reaction Time Coding  365 

For sessions that were video recorded (approximately 93% of the full sample), research 366 

assistants used Interact v.9 to code the beginning of each trial — when the experimenter lifted the 367 

stick — and the ending of each trial — when the decider began to pull the handle which resulted in 368 

the decision to accept or reject (Blake & McAuliffe, 2011). The brief window of time between the 369 

presentation of the stimulus and the lifting of the stick was not measured, but was kept as short as 370 

possible and was not varied across conditions to ensure that it cannot account for any effects of 371 

condition. In cases in which children pulled one handle slightly and then switched to the other 372 

handle, we coded the decision time between stick removal and the handle pull that was associated 373 

with their final decision. If children were reluctant to pull, the experimenter would prompt them to 374 

make a decision: for example, by reminding them of the actions associated with the green and red 375 

handles. Prompts of this kind were rare, occurring in fewer than 2% of trials overall.  376 

Analysis 377 

To establish how culture and development shape each component of the decision-making 378 

process in the inequity game, we used the HDDM toolbox (Wiecki et al, 2013) to perform 379 

hierarchical Bayesian estimation of four DDM parameters (v, z, a, and t). Hierarchical Bayesian 380 
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estimation is ideal when relatively few observations are collected from each subject, as it 381 

simultaneously estimates parameters at the subject and group levels, which enhances statistical 382 

power.  383 

Data Preprocessing  384 

Following past recommendations, trials were excluded for extreme RTs (<150 ms, >2500 385 

ms), or if the remaining (log transformed) RT exceeded the participant’s mean RT by ± 3 S.D. 386 

Participants’ data were excluded if fewer than two trials of each type (equal and unequal) remained 387 

after exclusions. A total of 79% of all trials were retained, leading to the final N of 722.   388 

To ensure we could detect nonlinear effects of age (e.g., lower values of v among 7–9-year-389 

olds relative to 4-6- and 10–12-year-olds) we treated age as a discrete variable with three levels: 4–390 

6-year-olds, 7–9-year-olds, and 10–12-year-olds. These age groups were already formed a priori for 391 

recruitment purposes and reutilized to meet the requirements of the statistical procedure. Data 392 

were collected from 13–15-year-olds as well, but most countries did not include this age group, so 393 

these data were not used to fit any DDMs.  394 

Our final sample included no 10–12-year-olds from Mexico in the DI condition. Accordingly, 395 

although data from 10–12-year-olds were used to fit all DDMs, parameter estimates for children 396 

from Mexico were excluded from subsequent analyses comparing effects of condition (AI vs. DI) 397 

among 10–12-year-olds. 398 

Convergence 399 

HDDM is initialized with informative priors that reflect the range of plausible values of each 400 

parameter as established by past research (Matzke & Wagenmakers, 2009). It then uses Markov 401 

Chain Monte Carlo (MCMC) methods to draw samples from the joint posterior distribution over all 402 

parameters. We drew 20,000 samples from the posterior, discarding the first 5,000 as burn-in. We 403 
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also applied thinning, discarding four out of every five samples. Checks for convergence included 404 

both visual inspection of histograms and autocorrelation plots (see Supplement) and calculation of 405 

the R-hat (Gelman–Rubin) statistic (< 1 for all parameters in the winning model, indicative of 406 

successful convergence).  407 

Model Selection 408 

Following past recommendations (Wiecki et al, 2013), we used the Deviance Information 409 

Criterion (DIC; Spiegelhalter, Best, Carlin, & Van Der Linde, 2002) for model comparison. Models 410 

with lower DIC values are favored. All models included person-specific estimates for the v, a, and t 411 

parameters. The z parameter was estimated only at the group level to support convergence. 412 

Responses were coded such that positive values of v correspond to an evaluative preference for the 413 

“accept” option and negative values of v correspond to an evaluative preference for the “reject” 414 

option; values of z above 0.5 correspond to a prepotent bias to accept offers, and values of z below 415 

0.5 correspond to a prepotent bias to reject offers. 416 

For each subject, the value of each parameter was modeled as a random draw from a 417 

group-level distribution centered on a mean μ and standard deviation 𝜎. For instance, a particular 418 

subject’s drift rate parameter value (v) was modeled as a random draw from a group-level Gaussian 419 

distribution with mean 𝜇v and standard deviation 𝜎v. Because we are interested in the group-level 420 

parameters (e.g., the average value of v among Canadians) rather than individual-level parameters 421 

(e.g., the value of v for a particular Canadian), model selection involved comparing DIC values for 422 

multiple model variants in which group-level parameters were either fixed or allowed to vary by 423 

condition (i.e., country, age group, inequity type, and/or distribution). 424 

Results 425 
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An evaluative preference for inequity corresponds to a more positive drift rate (one that 426 

more strongly favors the “accept” option) on unequal trials versus equal trials. So, if evaluative 427 

preferences for inequity vary across countries, the best fitting model should allow v to vary by 428 

country and distribution, and if evaluative preferences for inequity vary by age, the best fitting 429 

model should allow v to vary by age group and distribution. Since previous work outlined earlier in 430 

this paper suggests that responses to disadvantageous versus advantageous inequity are 431 

psychologically, neurologically, and evolutionarily dissociable, we modeled evaluative preferences 432 

as a function of inequity type (AI or DI). If the influence of country or age on evaluative preferences 433 

for inequity depends on the type of inequity — AI or DI — then, in the best fitting model, v should 434 

also be free to vary by inequity type in addition to distribution, country, and/or age. However, if 435 

cultural and developmental variation in choice behavior do not reflect cultural and developmental 436 

variation in evaluative processing, the winning model should not let v vary by distribution and 437 

distribution type.  438 

Model comparisons were consistent with the hypothesis that evaluative preferences for 439 

inequity vary meaningfully across countries and age groups, and that the pattern of variation 440 

depends on the type of inequity at hand (see Supplement for a complete list of model comparisons 441 

and more details about model-fitting procedures). Specifically, in the best fitting model, v varied 442 

by country, age group, distribution, and inequity type. In addition, a varied by country (but not age, 443 

inequity type, or distribution), t varied by inequity type and distribution (but not country or age 444 

group), and z did not vary across any of our four conditions. These results suggest that cross-445 

cultural and developmental effects on decision-making in the Inequity Game cannot be attributed 446 

solely to response strategies and/or non-decision time. Instead, these effects appear to reflect 447 

evaluative processing: variation across age and culture in the Inequity Game is largely due to 448 



RUNNING HEAD: Computational Signatures of Inequity Aversion 

22 

variation in the subjective value children place on accepting or rejecting various allocations 449 

(captured by the drift rate v) rather than response strategies and non-decision time. 450 

Subsequent analyses revealed that the relationship between country and the underlying 451 

decision-making parameters is not reducible to cross-cultural variation in degree of familiarity 452 

between participants. When best-fitting modeled was altered so that the country variable was 453 

replaced with a familiarity variable (i.e., a binary variable denoting whether each pair of 454 

participants did or did not self-identify as friends or acquaintances; see Supplement for details), the 455 

fit of the model was reduced (Increase in DIC = 49). Accordingly, the effects of country on v and a 456 

likely involve more than mere familiarity. 457 

To understand the effect of each condition on v, we performed a series of contrasts, 458 

allowing us to assess the degree to which v differs across unequal and equal offers. This involved 459 

subtracting the samples from one (marginal) posterior distribution (e.g., the posterior distribution 460 

over v for unequal offers among 10–12-year-old Canadians in the AI condition) from the samples 461 

from a second (marginal) posterior distribution (e.g., the posterior distribution over v for equal 462 

offers among 10–12-year-old Canadians in the AI condition), and then computing the 90% highest 463 

density interval (HDI) of the new distribution of difference scores. 90% HDIs are Bayesian analogs 464 

to confidence intervals; they contain the 90% most credible values of a parameter given the prior 465 

information, model, and data. If the 90% HDI does not contain zero, then the two original 466 

distributions are considered credibly different.  467 

Advantageous Inequity Aversion 468 

First, we explored how the evaluative preference for advantageous inequity varies by 469 

country and age. The evaluative preference for advantageous inequity corresponds to the value of 470 

v for unequal offers in the AI condition minus the value of v for equal offers in the AI condition, 471 
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denoted as v(AI). The more positive the value of v(AI), the greater the evaluative preference for 472 

advantageous inequity over equity; the more negative the value of v(AI), the greater the evaluative 473 

preference of equity over advantageous inequity. 474 

We found substantial cross-cultural variation in v(AI). At younger ages, evaluative 475 

preferences for one type of distribution over the other were absent across societies, and at older 476 

ages, an evaluative preference for equity over advantageous inequity emerged in some societies, 477 

but not others (Figures 3A and 3B). More specifically, among 4–6-year-olds, v(AI) was not credibly 478 

different from zero in any society. However, among 7-9-year-olds, v(AI) was credibly lower than 479 

zero in Uganda (90% HDI = -1.36, -.10), and among 10-12-year-olds, v(AI) was credibly lower than 480 

zero in the United States (90% HDI = -1.16, -0.27) and Canada (90% HDI = -1.53, -.30). v(AI) was not 481 

credibly lower than zero among any other society regardless of age group. 482 

The strongest developmental shifts in v(AI) were observed in Uganda and the United States 483 

(Figure 3D). In the United States, we observed a credible decrease in v(AI) among 10-12 years 484 

relative to 7–9-year-olds (90% HDI = -1.28 to -.08) and 4–6-year-olds (90% HDI = -1.86 to -.45), and 485 

in Uganda, we observed a credible decrease in v(AI) among 7–9-year-olds relative to 4–6-year-olds 486 

(90% HDI = -1.96 to -.05). These developmental shifts led to different degrees of cross-cultural 487 

variation in v(AI) at different age groups (Figure 3C). Among 7–9-year-olds, v(AI) was lower in 488 

Uganda versus Peru (90% HDI = -1.72 to -.16), and, among 10–12-year-olds, v(AI) was lower in the 489 

United States and Canada versus Peru and Senegal (USA vs. Peru: 90% HDI = -1.6 to -.02; USA vs. 490 

Senegal: 90% HDI = -1.64 to -.07; Canada vs. Peru: 90% HDI = -1.91 to -.1; Canada vs. Senegal: 90% 491 

HDI = -1.9 to -.11). 492 

Collectively, these results suggest that the developmental emergence of evaluative 493 

preferences for equity over advantageous inequity depends on culture. Further support for this 494 
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interpretation comes from a direct test of the hypothesis that the relationship between age and 495 

v(AI) differs by country. Specifically, using ordinary least squares (OLS) regression, we tested the 496 

hypothesis that there is a significant interaction between country and age group on v(AI). For each 497 

distribution (equal and unequal) in the AI condition, we extracted the mean of each subject-level 498 

posterior distribution over v. Next, we subtracted the subject-level means for equal offers from the 499 

subject-level means for unequal offers to estimate subject-specific values of v(AI). Finally, we 500 

regressed these subject-level estimates of v(AI) on country, age group, and their interaction term. 501 

In order to draw inferences about the cumulative effect of development on evaluative AI aversion 502 

across societies, we excluded 7–9-year-olds from this analysis (i.e., The age group variable was a 503 

binary variable distinguishing between 4–6-year-olds and 10–12-year-olds).  504 

We found a significant interaction between country and age group (F(6) = 3.03, p = .007) 505 

such that v(AI) decreased with age only in the United States (b = -1.08, SE = .22, t = 4.81, p < .001); 506 

marginal effects of age on v(AI) were observed in Canada (b = -.54, SE = .32, t = 1.66, p = .099) and 507 

Uganda (b = -.6, SE = .33, t = 1.9, p = .074), and no effects were observed in India, Peru, or Senegal. 508 

Moreover, among 4–6-year-olds, v(AI) was not credibly lower than zero in any society, but among 509 

10–12-year-olds, v(AI) was credibly lower than zero only in Canada (b = -.91, SE = .22, t = 4.17, p < 510 

.001) and the United States (b = -.74, SE = .16, t = 4.6, p < .001). Because our sample from Mexico 511 

does not include 10–12-year-olds in the DI condition, we repeated the above analysis without 512 

children from Mexico in order to permit comparisons between evaluative AI aversion and DI 513 

aversion. This analysis produced the same pattern of results. These findings directly support the 514 

existence of cross-cultural variation in the developmental trajectory and emergence of evaluative 515 

preferences for equity over advantageous inequity. 516 



RUNNING HEAD: Computational Signatures of Inequity Aversion 

25 

Children’s verbal justifications for AI rejections suggest that several considerations factor 517 

into AI aversion and that these considerations vary by country (see Supplement). Namely, both 518 

considerations of equality (e.g., “we should both have the same amount”) and of comparison (e.g., 519 

“I didn’t want them to get more”) appear in children’s verbal responses with differing rates across 520 

societies, suggesting that the evaluative preference for equality is influenced by multiple 521 

considerations and that the relative weight of these considerations is culturally sensitive.  522 
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Figure 3: (A) Posterior distributions over v(AI) (i.e., the contrast between v(equal, AI) and 
v(unequal, AI)) by age group and country. Negative values correspond to evaluative preferences for 
equal offers over AI offers, and positive values correspond to evaluative preferences for AI offers 
over equal offers. (B) Distance of v(AI) from zero by age group and country. Negative values 
(purple) denote evaluative AI aversion and positive scores (green) denote an attraction to AI. The 
more opaque the color, the greater the magnitude of the contrast. Credible differences are 
denoted by *. (C) Effects of country on v(AI). Cell values denote the difference in v(AI) between 
countries such that positive values indicate that v(AI) is greater in the country on the y-axis. 
Credible differences are denoted by *. (D) Effects of age on v(AI) by country. Cell values denote the 



RUNNING HEAD: Computational Signatures of Inequity Aversion 

27 

difference in v(AI) between age groups such that positive values indicate that v(AI) is greater in the 
age group on the y-axis. Credible differences are denoted by *.   
 

Disadvantageous Inequity Aversion 523 

Next, we explored cross-cultural and developmental effects on the evaluative preference 524 

for disadvantageous inequity (i.e., v for unequal offers in the DI condition minus v for equal offers in 525 

the DI condition, denoted v(DI)). In contrast to evaluative preferences for equity over 526 

advantageous inequity, which emerged as children aged in some, but not all societies, evaluative 527 

preferences for equity over disadvantageous inequity eventually emerged in every society (Figures 528 

4A and 4B). Among 4–6-year-olds, v(DI) was credibly lower than zero only in the United States and 529 

Mexico, but among 10–12-year-olds, v(DI) was credibly lower than zero in every country (with the 530 

exception of Mexico, where data were not collected among 10-12-year-olds in the DI condition).  531 

The cross-cultural consistency in the development of evaluative preferences for equity over 532 

disadvantageous inequity was also reflected in effects of age on v(DI) across countries (Figure 4D). 533 

We found that v(DI) decreased with age in every country besides India and Mexico. Relative to 4-6-534 

year-olds, 7-9-year-olds had lower values of v(DI) in Peru (90% HDI = -2.16 to  -.44), Canada (90% 535 

HDI = -2.47 to -.61), and Uganda (90% HDI = -1.97 to -.12), and 10-12-year-olds had lower values of 536 

v(DI) in Peru (90% HDI = -2.19 to -.24), United States (90% HDI = -1.34 to -.10), Senegal (90% HDI = 537 

-2.68 to -1.03), and Uganda (90% HDI = -2.13 to -.23). Relative to 7-9-year-olds, 10-12-year-olds had 538 

lower values of v(DI) in Senegal (90% HDI = -2.03 to -.41) and Canada (90% HDI = -1.96 to -.22). 539 

These results suggest that, in most of the societies sampled, children converged on an evaluative 540 

preference for equity over disadvantageous inequity with age. Indeed, we observed more cross-541 

cultural differences in v(DI) among younger children relative to older children (Figure 4C). Among 542 

4-6-year-olds, v(DI) was lower in the United States than Senegal (90% HDI = -1.78 to -.32), Canada 543 
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(90% HDI = -1.67 to -.17), Uganda (90% HDI = -1.7 to -.04), and Peru (90% HDI = -1.75 to -.07). 544 

Among 7-9-year-olds, Peru and Canada joined the United States among the countries with the 545 

lowest values of v(DI); all three had lower values of v(DI) than 7-9-year-olds in Senegal (Peru vs. 546 

Senegal: 90% HDI = -1.58 to -.04; Canada vs. Senegal: 90% HDI = -1.76 to -.002; USA vs. Senegal: 547 

90% HDI = -1.59 to -.15), Mexico (Peru vs. Mexico: 90% HDI = -2.14 to -.09; Canada vs. Mexico: 90% 548 

HDI = -2.44 to -.16; USA vs. Mexico: 90% HDI = -2.14 to -.1), and India (Peru vs. India: 90% HDI = -549 

1.79 to -.44; Canada: 90% HDI = -2.02 to -.41; USA: 90% HDI = -1.8 to -.46). However, among 10-12-550 

year-olds, v(DI) did not differ across countries.  551 

The developmental trajectory of v(DI) stands in contrast to that of v(AI). Whereas 552 

evaluative preferences for equity over advantageous inequity emerged among a subset of 553 

societies, evaluative preferences for equity over disadvantageous inequity emerged among all 554 

societies. In other words, the developmental trajectory of v(DI) appears cross-culturally consistent. 555 

We tested this hypothesis directly using the same OLS regression approach employed in our 556 

analysis of v(AI). Specifically, we regressed subject-level estimates of v(DI) on country (excluding 557 

Mexico, due to a lack of data from 10-12-year-olds), age group (4-6-year-olds vs. 10-12-year-olds), 558 

and their interaction term. The interaction was not significant, (F(5) = 1.49, p = .194) such that, 559 

regardless of country, 10-12-year-olds had lower values of v(DI) than 4-6-year-olds (b = -1.11, SE = 560 

.14, t = 7.67, p < .001). Moreover, among 10-12-year-olds, v(DI) was significantly lower than zero in 561 

every country (Canada: b = -1.33, SE = .25, t = 5.39, p < .001; India: b = -1.39, SE = .43, t = 3.26, p = 562 

.001; Peru: b = -1.53, SE = .28, t = 5.54, p < .001; Senegal: b = -1.95, SE = .24, t = 8.18, p < .001; 563 

Uganda: b = -1.44, SE = .27, t = 5.45, p < .001; USA: b = -1.87, SE = .18, t = 10.53, p < .001), whereas, 564 

among 4-6-year-olds, v(DI) was significantly lower than zero only in the United States (b = -1.15, SE 565 

= .17, t = 6.92, p < .001). Finally, we directly compared the developmental trajectory of v(DI) to that 566 
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of v(AI) by estimating the three-way interaction between country (excluding Mexico), age group (4-567 

6-year-olds vs. 10-12-year-olds), and inequity type (AI vs. DI). The three-way interaction was 568 

significant (F(5) = 4.18, p = .001), consistent with the idea that the development of v(DI), but not 569 

v(AI), is cross-culturally consistent. 570 

Children’s verbal justifications for DI rejections closely mirrored those for AI rejections (see 571 

Supplement), revealing cross-societal differences in the degree to which considerations of equality 572 

and/or comparison influenced evaluative preferences. 573 
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Figure 4: (A) Posterior distributions over v(DI) by age group and country. Negative values 
correspond to an evaluative preference for equal offers over DI offers, and positive values 
correspond to an evaluative preference for DI offers over equal offers.  (B) Distance of v(DI) from 
zero by age group and country. Negative values (purple) denote evaluative DI aversion and positive 
scores (green) denote an attraction to DI. Credible differences are denoted by *. (C) Effects of 
country on v(DI). Cell values denote the difference in v(DI) between countries such that positive 
values indicate that v(DI) is greater in the country on the y-axis. Credible differences are denoted 
by *. (D) Effects of age on v(DI) by country. Cell values denote the difference in v(DI) between age 
groups such that positive values indicate that v(DI) is greater in the age group on the y-axis. 
Credible differences are denoted by *. The more opaque the color, the greater the magnitude of 
the contrast.  
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Response Strategies and Non-Decision Time 574 

We next turned to responses strategies (which include z, the starting point or bias, and a, 575 

the threshold of the boundaries) in addition to non-decision time (t, which captures the time it 576 

takes children to start the decision-making process and to act on their decisions). We observed 577 

significant cultural variation in a such that the decision threshold was lowest in the United States, 578 

consistent with greater emphasis on speed versus deliberation, and highest in Senegal and Canada, 579 

consistent with greater emphasis on deliberation versus speed. Specifically, in the United States, a 580 

was lower than in Peru (90% HDI = -.21 t0 -.004), Senegal (90% HDI = -.46 to -.25), Canada (90% 581 

HDI = -.46 t0 -.23), Uganda (90% HDI = -.22 t0 -.03), and India (90% HDI = -.27 to -.04). Conversely, 582 

in Senegal and Canada, a was higher than in Peru (Canada vs. Peru: 90% HDI = .11 to .38; Senegal 583 

vs. Peru: 90% HDI = .13 to .38), India (Canada vs. India: 90% HDI = .07 t0 .35; Senegal vs. India: 90% 584 

HDI = .08 to .34), Uganda (Canada vs. Uganda: 90% HDI = .09 to .35; Senegal vs. Uganda: 90% HDI 585 

= .12 to .37), and Mexico (Canada vs. Mexico: 90% HDI = .05 to .47; Senegal vs. Mexico: 90% HDI = 586 

.06 to .47). 587 

We observed no effect of country or age group on z, consistent with an absence of 588 

developmental or cross-cultural effects on prepotent biases toward accepting versus rejecting 589 

various offers. Overall, z was not credibly different from 0 (90% HDI = .497 to .517), which suggests 590 

that participants were unbiased. In other words, we did not find evidence that children in some 591 

societies have a stronger prepotent bias towards accepting or rejecting all offers as compared to 592 

children in other societies (Follow-up analyses confirmed that neither the lack of variance over z, 593 

nor the absence of evidence for a starting point bias, can be attributed to the fact that z was 594 

estimated only at the group level; when v, a, and t were estimated at the group level instead of z, 595 
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the best fitting model still held z constant across conditions, and z still was not credibly different 596 

from zero). Finally, we found that t varied as a function of condition and distribution such that non-597 

decision time on equal offers was greater in the AI condition versus the DI condition (90% HDI = 598 

.006 to .074). Conversely, condition was unrelated to non-decision time on unequal offers (90% 599 

HDI = -.014 to .059). In other words, relative to the DI condition, children in the AI condition spent 600 

more time looking at the stimuli and/or pulling the lever when equal offers were given. 601 

Discussion 602 

Previous work on the ontogeny of inequity aversion across cultures has documented the 603 

developmental emergence of disadvantageous inequity (DI) aversion in children’s decisions in all 604 

seven societies studied, but only found evidence for the emergence of advantageous inequity (AI) 605 

aversion in a subset of those societies (Blake et al., 2015; Blake & McAuliffe, 2011). However, as this 606 

past research focused exclusively on variation in raw decision-making data (i.e., choices and 607 

response times) it is unclear whether and how this variation extends to the computational 608 

mechanisms underlying the decision-making process. Here, using video-recorded sessions of more 609 

than 800 children’s behavior in the Inequity Game from Blake et al. 2015, we fit drift-diffusion 610 

models to explore the computational mechanisms underlying cross-cultural variation in the 611 

development of inequity aversion. Specifically, we examined whether, and to what extent, 612 

behavioral differences in the Inequity Game across ages and cultures reflect three distinct 613 

components of the decision-making process: evaluative processing, response strategies, and non-614 

decision time. 615 

The results of our novel approach suggest that differences in evaluative processing — 616 

specifically, evaluative preferences for equity over inequity — account for the bulk of the 617 

developmental and cultural variation in the behavioral expression of inequity aversion. This rules 618 
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out several alternative hypotheses that could not have been eliminated with traditional analytic 619 

techniques. Specifically, our findings rule out accounts of behavioral variation in the Inequity Game 620 

that appeal solely to non-evaluative components of the decision-making process. On these 621 

alternative accounts, response strategies and non-decision time are what drive developmental and 622 

cultural differences in Inequity Game performance, not evaluative preferences for equity. In ruling 623 

out these alternative hypotheses, and revealing evaluative processing as the primary driver of 624 

cross-cultural variation in the development of inequity aversion, our findings shed light on the 625 

psychological origins of human fairness and cooperation. 626 

Importantly, the specific pattern of variation in evaluative processing that we observed 627 

aligns with the results of Blake et al. (2015), who found greater cross-societal variation in the 628 

emergence and trajectory of aversion to AI versus DI. Specifically, we found that the evaluative 629 

preference for equity over AI emerges later and in fewer societies than the evaluative preference 630 

for equity over DI. So, in addition to revealing a primary role for evaluation in the development of 631 

inequity aversion across cultures, our findings corroborate the theory that DI aversion is distinct 632 

from — and more foundational than — AI aversion, and grounds this distinction in the 633 

computational mechanism of evaluative processing. 634 

Focusing on evaluative preferences for AI, we first find that, among most age groups in 635 

most societies, children do not have an evaluative preference for equitable relative to AI offers. 636 

This makes sense given that rejecting AI offers would mean losing out on four candies, which 637 

children value. When taking age into account, we find evidence of evaluative preferences for equity 638 

over AI among older children, but only in a subset of countries. That is, the emergence of an 639 

evaluative preference for equity over AI is culturally constrained. Specifically, we find no evidence 640 

of such a preference among 4 to 6-year-olds in any society. In Uganda, an evaluative preference for 641 
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equity over AI is observed between the ages of 7 and 9, and by the ages 10 to 12, this preference 642 

appears in the United States and Canada. Our results also suggest that the United States was the 643 

only country in which an evaluative preference for equity over AI increased with age. We do not find 644 

strong evidence for age-related changes in evaluative preferences for AI in any other country, with 645 

the slight exception of Uganda in which 7-9-year-olds have a stronger preference for equity over AI 646 

than 4-6-year-olds, but this trend does not continue into the later age group. In sum, there are 647 

substantial cultural differences in the trajectory and emergence of evaluative preferences of equity 648 

over AI. 649 

When considering evaluative preferences for DI, we find a different pattern: the 650 

developmental trajectory and emergence of evaluative preferences for equity over DI is consistent 651 

across societies. Among 4–6-year-olds, an evaluative preference for equity over DI is observed only 652 

in the United States, but by the time children are between the ages of 10 and 12, this preference 653 

appears in every society. Moreover, the evaluative preference for equity over DI increased with age 654 

in every country besides India (and Mexico, where data in the DI condition was missing). 655 

The contrasting patterns of variation in evaluative preferences for AI and DI by age and 656 

country are striking. It corroborates the idea that aversion to AI may be more sensitive to cultural 657 

and normative influence than DI, which is more foundational and less sensitive to input across 658 

developmental time (Blake et al., 2015; Corbit et al., 2017; McAuliffe et al., 2017). It is also 659 

consistent with work suggesting that culturally variable prosocial behavior develops hand-in-hand 660 

with increased responsiveness to norms in later childhood (House et al., 2019). Additionally, the 661 

variation in evaluative preferences for AI and DI lends further support to the notion that responses 662 

to these two forms of inequity are psychologically and developmentally distinct.  663 
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One hypothesis we ruled out was that behavioral variation in the Inequity Game primarily 664 

reflects variation in response strategies — specifically, variation in the emphasis children place on 665 

speed versus accuracy, and decision biases characterized by a preference for one response option 666 

over the other regardless of the specific offer on hand. Our results provide little evidence of 667 

developmental or cultural effects on decision biases. We did find cross-societal differences in the 668 

speed-deliberation tradeoff — speed was favored in the United States, deliberation was favorited 669 

in Senegal and Canada, and children in India, Uganda, and Peru struck more of a balance between 670 

these two factors — but these effects were not qualified by age. We also did not find evidence that 671 

non-decision time — the time it takes individuals to start the decision-making process and to act on 672 

those decisions — varies significantly across societies. 673 

Critically, our results do not challenge the results described in Blake et al. 2015, which 674 

highlighted substantial cross-cultural and developmental variation in the behavioral expression of 675 

inequity aversion. Rather, our results offer additional insight into the computational mechanisms 676 

that produced those behavioral patterns, revealing that the behavioral expression of advantageous 677 

inequity aversion emerges from a heterogeneous set of mechanisms, but is largely accounted for 678 

by variation in evaluative preferences. 679 

Limitations and Future Directions 680 

There are a number of limitations to this work that warrant discussion and point to avenues 681 

for future research. By focusing on inequity aversion, the present study sheds light on the more 682 

general phenomenon of human fairness. However, the psychology of fairness encompasses more 683 

than just inequity aversion: developmental and cross-cultural differences in reasoning, judgment, 684 

attention, and other aspects of human performance contribute to the overall picture of how the 685 
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psychology of fairness varies across societies and age. Accordingly, by taking a more holistic 686 

approach, future work can build on the insights presented here.  687 

Though our results reveal which decision-making parameters underlie variation in Inequity 688 

Game performance they do not explain why these parameters vary. Our results do, however, serve 689 

to guide and constrain future inquiry. Specifically, future efforts to identify the cultural factors 690 

underlying variation in Inequity Game performance can restrict their search to factors that might 691 

plausibly alter evaluative preferences; factors more likely to influence response bias or speed-692 

deliberation tradeoff are poor candidates. Examples of factors that may drive cultural variation in 693 

evaluative preferences for equity over inequity include social norms (House & Tomasello, 2018; 694 

Tropp et al., 2014), peer familiarity (Warneken, Lohse, Melis, Tomasello, 2010), and the subjective 695 

value of reward. 696 

The results we present here on children’s verbal responses also suggest that different 697 

considerations, such as those related to fairness and social comparison, may also exert influence on 698 

evaluative preferences. To distinguish between these competing possibilities, we believe that 699 

future work should model drift rate in terms of psychological variables (e.g., competitiveness, 700 

selfishness, preferences for fairness, etc.) and cultural variables (e.g., norms, values, income 701 

inequality, familiarity, etc.) to more closely examine the sources of cross-cultural variation in 702 

evaluative preferences for equity over advantageous and disadvantageous inequity. 703 

Methodologically, children in our study always saw the rewards on the recipients’ tray first 704 

and the task involved an experimenter physically doling out resources onto the trays, all of which 705 

occurred before the stick was removed and reaction time was coded. Future iterations of this task 706 

can minimize the potential impacts this protocol may have on non-decision time by occluding the 707 

offers before presenting them to children, thus more systematically and rigorously controlling the 708 
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beginning of the reaction time window. While we view this as a useful methodological change, we 709 

do not believe this feature of our design can fully account for our results, which largely relied on 710 

comparisons between distributions and inequity trials, all of which were administered the same 711 

way. Additionally, despite the inclusion of a fairly large age range, we do not know how these 712 

patterns extend into adolescence and adulthood. Further ethnographic and quantitative work 713 

exploring inequity aversion among adults, for instance, can help us better understand the nuances 714 

of these behaviors across cultures and provide clearer insight into when children’s evaluations 715 

converge with those of adults. Further, our samples are largely restricted to one group or 716 

community within each country and should not be taken as wholly representative samples of each 717 

country. Given the importance of within-country variation, future work should also attempt to 718 

incorporate more communities and focus on the forces shaping variation within countries (Amir et 719 

al., 2019; Amir & McAuliffe, 2020). And lastly, the cross-cultural variation we observe in the speed-720 

deliberation tradeoff merits additional attention. It is possible that this tradeoff itself reflects 721 

slightly different cultural values, or perhaps reflects a different process or stage of acquiring 722 

advantageous inequity aversion. If, for instance, AI aversion is internalized earlier in the United 723 

States, that could result in weighing speed over deliberation. Or it may be the case that children in 724 

the United States are more familiar with these types of decisions. A closer investigation of the 725 

speed-deliberation tradeoff might allow for an avenue through which we can interrogate whether 726 

children in different societies experience the task itself in different ways. 727 

Summary 728 

Previous work on cross-cultural variation in inequity aversion has demonstrated that 729 

children show more variation in their willingness to reject AI offers than DI offers, suggesting that 730 

AI aversion is more sensitive to cultural input than DI aversion. However, as past work has primarily 731 
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used traditional analytic approaches to study children’s decisions to either accept or reject an offer, 732 

it is unclear how this variation extends to the underlying components of the decision-making 733 

process itself. Here, we use an analytic approach centered on drift-diffusion modeling to examine 734 

— for the first time — the computational signatures of inequity aversion across diverse societies.  735 

Through drift-diffusion modeling, we formally dissociate three factors — non-decision time, 736 

response strategies, and evaluative preferences — to investigate which factors account for the 737 

behavioral variation observed across age and society. Our results suggest that this variation is best 738 

explained by variation in evaluative processing — specifically, evaluative preferences for equity 739 

over different types of inequity.  740 

We believe that the computational approach used here could be used to advance research 741 

at the intersection of culture and development in general. DDMs are applicable to a wide range of 742 

research questions — not just those focused on fairness. Experimental paradigms centered on 743 

choice or reaction time in binary forced choices lend themselves well to DDM analyses, which can 744 

offer greater precision and inferential power without massive constraints on the experimental 745 

paradigm. The parameterization of decision-making processes can also lend itself to integrative 746 

work with neuroscience, more directly linking neural and behavioral data. Further, DDMs open the 747 

door to new research questions. In the case of inequity aversion, we can ask follow-up questions 748 

like how the amount of noise in the evidence accumulation process changes with age or culture, 749 

and how and when children learn to strategically control different DDM parameters when making 750 

equity-based decisions (if they do at all). In sum, we believe the approach we have championed in 751 

this manuscript — that is, the coupling of systematic behavioral experiments across diverse 752 

societies with analytical techniques such as DDMs — can provide greater resolution into decision-753 

making, continuing to proffer novel insights into cognitive development across cultures. 754 
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Open Data Statement 755 

Our data & annotated R scripts can be found at the following link:  https://osf.io/t98f7/ (Amir et al., 756 

2021). 757 

Context 758 

Previous work suggests that disadvantageous inequity aversion is common across cultures while 759 

advantageous inequity aversion appears to be more culture-specific, manifesting at the decision 760 

level in only some of the societies surveyed (Blake et al., 2015). However, as previous research has 761 

relied almost solely on explicit decision data, it is unclear if this variation also exists in the 762 

underlying computational processes that produce these decisions. Teaming up with 763 

anthropologists and cognitive psychologists, we set out to formally analyze what features in the 764 

underlying decision-making process varied across societies, using drift-diffusion modeling to 765 

analyze the intersection of children’s decisions and reaction times. These models allowed us to 766 

formally disentangle and assess distinct computational components (e.g., evaluative processing or 767 

non-decision time) in the decision-making process. Our findings enrich our understanding of how 768 

social behaviors relating to inequity aversion develop across diverse cultural contexts. 769 
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