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ABSTRACT 

 
 

In order to better understand the individual differences in the intertemporal choices, 

extensive research has studied how demographic factors affect an individual's 

decision-making. Because some intertemporal decisions are made rapidly, the 

decision-making processes behind those choices are rarely mentioned in past research. 

Also, research on the effects of gender on intertemporal decisions has shown 

inconsistency, and even opposing results. To further examine whether and how males 

and females differ in the cognitive processes of speeding intertemporal choices, I 

conduct an online choice experiment involving two simple choice tasks. For the 

monetary choice experiment, the participants made hypothetical choices between 

receiving immediate smaller rewards and delayed larger rewards. Another task is a 

food choice experiment, where the participants chose between tastier but less healthy 

foods and healthier but less tasty foods. Finally, I find that there is no significant 

gender effect influencing the individual differences in intertemporal choices. 
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CHAPTER 1: INTRODUCTION 

 

 

People are involved in making decisions once they open their eyes every morning, 

and many decisions contain tradeoffs over time; such current choices reflect and 

affect the ways we live in the long term. Getting up early to take morning exercise or 

staying up late and sleeping in, eating salads and fresh fruit or cheeseburger and fries 

for breakfast, completing the task a few days ahead of schedule or working right up to 

the last minute, spending on immediate consumption or putting that money into 

investments or savings account, these decisions which are made currently influence 

the individual not only at the present but also in the future. Sleeping irregular hours, 

enjoying junk food meals, looking for happiness in the moment from distraction all 

satisfy the instant gratification, but there are costs for these “benefits”, such as 

unhealthy lifestyle and disease risks.  

 

Some people prefer making the intertemporal choice by “discounting” the value of 

delayed outcomes, while others tend to go for the long-run benefits. The individual 

differences in the intertemporal decisions are therefore an important area of research 

in behavioral economics, and in recent years there has been considerable interests in 

studying the factors giving rise to the individual differences in intertemporal choice, 

from age (Reimers et al., 2009; Seaman et al., 2016) and IQ (Shamosh & Gray, 2008; 

Civai et al., 2016) to health condition (Sutter et al., 2015) and personality (Luhmann 

et al., 2011; Manning et al., 2014).  

 



  2 

Among these potential factors, if women and men differ in intertemporal choice is 

regarded as a controversial question. Though overall there is a relatively strong and 

growing range of research findings which have claimed that gender has no effect on 

the individual difference in intertemporal choice (Lau & Williams, 2002; Silverman, 

2003; Harrison, Anderson & Gugerty, 2009; Skylark et al., 2020), other studies have 

asserted that gender does affect the decision making in intertemporal choice. Women 

are found to be better at self-regulation and delay gratification (Bjorklund & Kipp, 

1996; Kapteyn & Teppa, 2003), more patient (Dittrich & Leipold, 2014), more risk 

averse (Charness & Gneezy, 2012), and more likely to maintain a healthy eating 

lifestyle than men (Leblanc et al., 2015; Yahia et al., 2016), which induce the 

preference of waiting for the long-term benefits. Meanwhile, some studies have 

argued that men are more willing to go for the future option (Lu & Zhuang, 2014; 

Seinstra et al., 2015). Consequently, this research aims at further discovering whether 

gender influences individual differences in intertemporal choice.  

 

Prior investigations into explaining gender differences toward intertemporal choice 

have focused on factors such as risk acceptance (Charness & Gneezy, 2012), 

stereotypes (McLeish & Oxoby, 2009), habits (Yahia et al., 2016), hormones 

(Kaighobadi & Stevens, 2013) and the interactions with age (Seinstra et al., 2015). 

Although some recent reviews have identified various factors that lead to gender 

differences in intertemporal decisions, studies discussing how females and males 

differ in the decision-making process are still scarce.  
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To fill this gap, this study applies the Drift Diffusion Model (DDM), a sequential 

sampling model from the perceptual decision-making tradition (Fontanesi et al., 

2019), which assumes that the decision-maker accumulates evidence gradually over 

the time course of the decision until the process hits a stopping boundary and then 

makes the final choice accordingly (Ratcliff, 1978), to explore the gender effect on 

intertemporal choice. The DDM and its extensions are successful in illustrating 

choice and response time data observed in numerous choice tasks and applied to 

investigate the impacts of potential variables or factors in two-alternative forced 

choice by describing the temporal dynamics of the decision-making process 

(Pedersen et al., 2017; Tavares et al., 2017; Milosavljevic et al., 2010; Peters & 

D’Esposito, 2020). DDM is widely used to explain the observed patterns of choices 

and response times for different individuals, so this work examines how gender 

influences intertemporal choice in the decision-making process by comparing the 

differences of the parameters in DDM for men and women and testing the 

significance, which would contribute to knowledge in this field. 

 

To answer the research questions and study the gender impact on individual 

differences in intertemporal choice, I created two online choice tasks using the 

Qualtrics survey platform and recruited 75 participants through Amazon Mechanical 

Turk (Mturk); one is a monetary choice task, and another one is a food choice task. 

The results do not find strong evidence that gender affects individual differences in 

intertemporal choice behavior.   
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The current study contributes to the existing literature by providing experimental 

evidence indicating that individuals' preferences for intertemporal choice are not 

influenced by gender, and further investigating the gender effect in two-alternative 

forced choice from the decision-making process. By using the Drift Diffusion Model, 

this study gives insight into discovering how subjective values are formed and 

mapped according to single choices and response times from each trial, each 

individual to each group (i.e., women and men).  

 

This paper is divided into five sections and this section gives a brief overview of the 

research objectives and conceptual foundation of the work. The next section provides 

the literature review about intertemporal choices in various fields, factors affecting 

individual differences in intertemporal choice, previous studies about gender effect 

on intertemporal choice, and an introduction to the drift diffusion model.  Issues 

regarding the survey design and empirical model are discussed in the later section. 

Then, I report the results from data analysis and discuss the findings. The paper 

concludes with a summary of this research and the potential limitations as well as 

recommendations for future research.  
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CHAPTER 2: LITERATURE REVIEW 

 
 

Delay discounting, a phenomenon when individuals tend to place a lower value on 

distant outcomes and to favor benefits in the moment, which is related to the individual 

differences, has been widely studied in Psychology (Weiss et al., 2012; Lin & Epstein, 

2014; Malesza, 2019), Economics (DeHart et al., 2016; Garza et al., 2019), and 

Neuroscience (Guo & Feng, 2015; Elton et al., 2017). The determinants of individual 

differences in intertemporal choice have been discussed in a sizeable literature; 

numerous factors affecting the individual differences in intertemporal choice have been 

analyzed in the research, such as the effect of taking a longer nap (O'Connor et al., 

2018), acute stress (Lempert et al., 2012), cocaine use disorders (Johnson et al., 2015) 

and cultural differences (Kim et al., 2012) on delay discounting behavior.  

 

Because the present value of the future reward is decreasing due to the delays, 

researchers have suggested that the individual's discount rates may explain the 

individual difference in intertemporal choice behaviors. For instance, the individual 

who has higher discount rates appears to value the future and larger rewards more 

highly (Kirby, 2009). More impatient people would tend to receive the rewards now 

rather than wait for larger rewards in the future (Chabris et al., 2005). A recent 

systematic review of the literature on this matter has revealed that delay discounting is 

in relation to psychological variables, socio-demographic variables, neuroimaging, and 

molecular genetics (Keidel et al., 2021).  
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Socio-demographic variables (e.g., age, education, income, and gender) are vital in 

investigating the individual differences in intertemporal choice behavior. For example, 

children would choose to eat a bag of chips when they are hungry instead of waiting for 

a healthy and balanced meal. Seniors and elderly people are relatively more risk-averse 

and cautious about their future; hence they are inclined to sacrifice instant gratification 

and probably save money to pay for expensive medical expenses or prepare for other 

potential emergencies in the future. More wealthy people are able to afford luxury 

goods or pour money into large purchases, so they would not hesitate to fulfill their 

immediate desires.   

 

Previous studies have underlined that there is an age effect in intertemporal choice, but 

the findings are inconsistent. Several studies have highlighted that the increase in age 

leads to the decline in the discount rate, hence older adults are more willing to accept 

the delayed rewards as compared to younger people, showing the near-linear effect of 

age (Green et al., 1999; Reimers et al., 2009). However, Read and Read (2004) point 

out that older and younger people discount more than middle-aged people, which 

generates a U-shaped model. Besides, a recent study that aims at generalizing age effect 

across domains has found no evidence of age differences (Seaman et al., 2016) in 

intertemporal choice. In this study, except for monetary rewards, participants also made 

intertemporal choices for social or health related rewards.  

 

Education and income are both primary demographic characteristics resulting in 

individual differences in intertemporal choice. Sutter et al. (2015) provide evidence that 
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educational attainment, income level, and health status are positively associated with 

the ability to delay gratification. Green et al. (1999) state that the poor have higher 

discount rates than the rich, by comparing two groups of participants with annual 

incomes greater than $40,000 or less than $20,000.  Lower-class individuals are more 

impulsive, so they would pursue instant gratification in intertemporal choices (Liu et al., 

2012). These results are in line with the conclusions drawn by de Wit et al. (2007), who 

claim that the discount rate is negatively associated with better education and higher 

income. Also, Reimers et al. (2009) observe, lower-income individuals with less 

education appear to have high discount rates and show significant associations with 

each other. Jung et al. (2021) conduct an experiment in Indonesia to measure the 

discount rate and examine the effect of education on intertemporal choice, in which they 

find that people with higher levels of education are more likely to choose the patient 

options.   

 

Considering psychological variables, whether individual differences in the big-five 

personality traits (Manning et al., 2014; Silva et al., 2017; Civai et al., 2016) and  

intolerance of uncertainty (Ladouceur et al., 2000; Luhmann et al., 2008) affect 

intertemporal choice behavior or not have been discussed currently.  

 

Manning et al. (2014) demonstrate that conscientiousness and neuroticism are related to 

delay discounting, and the results yield that conscientious people are more inclined to 

wait for the patient options while neurotic people are less likely to delay gratification. 

Among a large sample of international young adults, Mahalingam et al. (2014) also 
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conclude that people who are highly conscientious or highly open to experience are 

better able to delay gratification. However, they report that extraversion or neuroticism 

are positively associated with discount rates, so individuals high in extraversion or 

neuroticism appear to choose the immediate rewards. Furthermore, the authors suggest 

that there is no evidence indicating the agreeableness effect on intertemporal choice 

behavior is significant. More valuable rewards are required to wait, so the decision-

makers face potential risks, and they are concerned about if or how they can receive the 

payoffs. Mitte (2007) affirms that individuals with low intolerance estimate the 

probability and the cost of the threatening events in the future higher than others. Lower 

intolerance of uncertainty is in relation to the immediate option because those 

individuals are more anxious (Luhmann et al., 2011). 

 

A growing body of literature has underlined that women's ability to delay gratification 

is better as compared to men (Bjorklund & Kipp, 1996; Kapteyn & Teppa, 2003). As 

Bjorklund and Kipp (1996) have theorized, women tend to outperform men in their 

ability to self-regulate, including maintaining waiting behavior, controlling emotional 

arousal, delaying gratification, and resisting temptation, because the evolutionary 

selective pressures exerted on women are greater than men. Dittrich and Leipold (2014) 

analyze data from a large online survey in which participants were asked hypothetical 

intertemporal monetary questions, and they note a significant gender difference such 

that women tend to be more patient than men. 
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Making intertemporal choices needs to face uncertainty, which would cause possible 

individual differences. To study the gender effect in risk preferences, Charness and 

Gneezy (2012) review 15 studies about individual differences in investment decisions. 

They provide clear and significant evidence that women are inclined to be more risk 

averse than men because women prefer safe investments and invest less in high-risk 

investments than men.  

 

Such statements are consistent with the later studies that have paid more attention to the 

gender effect on self-control during food choice, which can further examine if and how 

gender has an impact on delayed gratification. For example, consuming excess calories 

each meal satisfies instant emotional needs, such as calming stress and reducing 

anxiety, but it will also put people at the risk of chronic diseases and obesity, which are 

challenges to long-term health. According to the American Cancer Society, the lack of 

forward-thinking is affiliated with the decline in healthier, home-prepared food intake. 

People who are more self-disciplined and able to stick with a healthy diet may care 

more about future outcomes in intertemporal choice. To look into the ind ividual 

difference in food choices, researchers usually focus on the health-taste trade-off in 

decision making. For instance, consumers are found to be willing to partly sacrifice the 

pleasure of taste in order to improve the healthfulness of their diet (Papoutsi et al., 

2021).  

 

Leblanc et al. (2015) propose that, compared to men, women have healthier and more 

balanced dietary intakes and eating habits; the results show that a higher percentage of 

women than men eat 5 portions of a variety of fruit and vegetables every day. In a 

https://www.webmd.com/anxiety-panic/default.htm
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recent US college sample, Yahia et al. (2016) find that around half of male students are 

either overweight or obese, while over 75% of female students have normal weight. 

Women consume more fruits and vegetables than men, but the consumption of fast 

food, beer are more frequent among males (Yahia et al., 2016). Both studies illustrate 

that women are better at controlling themselves to follow a healthier diet and focusing 

more on the long-term health consequences instead of satisfying the instant gratification 

like frequent consumption of eating junk.  

 

On the contrary, in Lu and Zhuang’s (2014) experiment, they identify gender effect in 

intertemporal choices and conclude that men are more patient and more likely to prefer 

the patient options than women. The researchers also measure the degree of 

inconsistency and claim that men have a higher degree of dynamic inconsistency than 

women, which leads to gender differences in the intertemporal choices. Seinstra et al. 

(2015) conduct an experiment in Germany that required healthy older adults to 

complete intertemporal choice tasks, the results yield that for participants with higher 

memory scores, men show more patience than women.  

 

However, Silverman (2003) states that Bjorklund and Kipp's review work lacked 

statistical tests and relevant studies. To reassess Bjorklund and Kipp's hypothesis, 

Silverman conduct a meta-analysis in which participants were asked to make decisions 

between immediate but smaller rewards and delayed but larger alternatives. The results 

reveal that the gender difference in delay of gratification is relatively small. A real 

monetary rewards experiment is carried out in Denmark to estimate the individual 

discount rates, but the effect of gender on predicted discount rates is not statistically 
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significant in the results either. Consequently, researchers claim there is no strong 

evidence that proves women are more patient than men (Harrison, Lau & Williams 

2002). Anderson and Gugerty (2009) are also unable to find significant gender 

differences in their studies in which they examine the impact of demographic and 

socioeconomic variables on the level of inferred discount rates in Vietnam and Russia 

by using multivariate analysis. Similarly, Skylark et al. (2020) mention that gender is 

not appreciably associated with intertemporal choice behavior.  

 

Interestingly, Kaighobadi and Stevens (2013) propose that the gender differences in 

delay discounting are partially due to hormones. In their study, one group of young 

women were required to rate the attractiveness of male images while others rated the 

beauty of neutral landscape images before taking the intertemporal choice tasks. The 

results indicate that females from the male image condition are more willing to choose 

larger payoffs than others.  

 

To investigate the factors that influence decision-making, there is a long history of 

using the simple logit models to identify the factors influencing decision making 

(Ketaren & Sianturi, 2017). Through the application of the logit regression technique, 

the potential variables or factors that would affect decision-making, such as individual 

differences, past experiences, escalation of commitment, and cognitive biases (Dietrich, 

2010), all can be linked to each choice. Except for measuring the significance of the 

possible effects, the importance weights of those key determining factors can be shown 

as well. However, it is difficult to reflect the subjective values from single choices of 

https://www.frontiersin.org/articles/10.3389/fnins.2014.00233/full#B11
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individuals or groups. Value-based decision-making models, the drift-diffusion model 

(DDM) can demonstrate how subject values are mapped to both choices and response 

time (Fontanesi et al., 2019). 

 

Drift-diffusion model (DDM) is one of the sequential sampling models, which have 

been applied broadly for studying two-alternative forced choice tasks, such as 

intertemporal choice (Milosavljevic et al., 2010; Polanía et al., 2015). DDM assumes 

that each decision is completed by collecting information from the noise of the 

environment. The processes of making a decision show how people repeatedly evaluate 

the cumulative evidence over a certain period of time. Once the accumulated evidence 

achieves a threshold, the decision would come out.  

 

When people are facing intertemporal choices, whether or not they are willing to wait is 

the key point.  For example, more patient people would be supposed to prefer the 

delayed option. However, before they make the final decision, they would also be 

irresolute due to the uncertainty about the future. Smaller amounts can be paid and held 

in hand immediately while choosing delayed rewards are another way to save money 

and increase value in the long run. After thinking through the pros and cons of both 

options, people would give the answer. Consequently, the psychological dynamics of 

change in the decision-making process can be well explained by the drift-diffusion 

model.  
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Most of the literatures pay more attention to which socio-demographic variables are 

associated with the individual differences in the intertemporal choice, using the simple 

logit models. However, if and how gender affects the decision-making process has not 

been estimated thoroughly, and some current findings are conflicting. This paper 

extends current literature by focusing on the gender effect on the intertemporal 

preferences by combining the response time of the decision and the choices together. 

Also, this study enriches the literature by comparing the gender differences in food and 

monetary choices and further analyzing the correlations between choosing food 

products and monetary rewards. It provides more evidence on how people differ in 

accumulating information for different decisions form both individual-level and group-

level.  
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CHAPTER 3: METHODOLOGY 

 

3.1 Survey Design 
 

Seventy-five participants through Amazon Mechanical Turk (Mturk) were recruited. 

They must be at least 18 years of age and reside in the United States. After completing 

the survey, they could receive $5 for their participation and no time limits were set 

during the entire process. The response to the survey was anonymous and voluntary. 

Participants were required to answer some demographic questions after responding to 

all questions in the survey, including gender, age, ethnicity, etc. The choices and 

response time (RTs) in seconds were also collected for each trial from each participant. 

 

In order to make sure the participants paid attention to each question; the study 

contained an attention check question in the end. Participants were asked to list three 

foods that they recently purchased in grocery stores and label the approximate prices. 

Due to the irregular time of completion (less than three minutes or greater than one 

hour), one participant was excluded from the analysis; 74 individuals were included in 

the research. The survey contained two studies, one was the monetary choice task, 

another one was the food choice task.  

 

3.1.1 Monetary Choice Task 

 

The intertemporal monetary choice task contained 216 test trials and each question 

required a response before the participant could progress to the next one. In each trial, 

participants were instructed to choose between two hypothetical monetary gain 

alternatives, an immediate and smaller monetary reward or a later and larger alternative. 
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For each set of monetary choices, both immediate (0 day) and delayed monetary 

amounts were from $17 to $60, and the delay was from 7 to 200 days (Fisher, 2021). 

The delayed rewards were limited to be larger than the immediate ones. Also, every 25 

trials, participants were informed how many trials in the choice task they had completed 

and left.  

 

3.1.2 Food Choice Task 

 

The food choice task included two parts. During the first phase of the task, participants 

were displayed with 40 different food images and asked to provide ratings for each item 

to indicate their perceived tastiness preferences on a scale of -3 (not tasty at all) to 3 

(extremely tasty), in increments of 1, independent of any health considerations. Next, 

participants completed the similar healthiness rating section, where they rated the same 

40 food items on how healthy they believed that food to be, on a scale from -3 (not 

healthy at all) to 3 (extremely healthy), independent of taste considerations. In these 40 

food stimuli, half of which were commonly considered to be healthy foods (e.g., 

broccoli and kiwi), and others were understood as junk snacks (e.g., chips and cookies). 

Those food stimuli set images were provided by Antonio Rangel’s Neuroeconomics 

Laboratory, where they shared the collections of food stimuli that could be used in 

studies of valuation and decision-making (Hare et al., 2011). These 40 food images 

were displayed in random order to each participant for rating, with the same probability.  

After the rating section, participants answered 200 hypothetical two-alternative forced 

food choice questions. To generate the food pair in each trial, a pilot survey was 

conducted, in which another 100 participants rated the healthiness and tastiness of those 

https://www.rnl.caltech.edu/publications/index.html#Hare2011
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40 food items, on a scale from -3 to 3. After collecting and analyzing the results from 

the pilot survey, based on the ratings obtained in the pilot survey, one healthier but less 

tasty food was paired with another tastier but less healthy food in the current food 

selection section in the food choice task. In the food selection section, in each trial, 

participants would see two foods images in pairs on the screen and decide which food 

they would prefer to eat; they could also know how many trials in the choice task that 

they had completed and left for every 25 trials.  

 

3.2 Data and Computational Model 
 

3.2.1 Descriptive Results 

 

Table 1 summarizes the socio-demographic characteristics, which lists the distribution 

of age and ethnicity of individuals in the sample for both genders. 48.9% of participants 

are under 30 years old and the median age of the sample is 32 years. Also, 40.45% of 

the participants are men. In each age category, the gender distribution is relatively 

average, the fractions of women are all higher than men, except for individuals over 60 

years old. The gender distribution varies in different ethnic group. Also, 75.7% of 

participants are White/Caucasian. 

 

Table 1 Percentage of participants by gender, age, and ethnic group 

 

    Women Men Total 

Participants   59.55% 40.45% 74 

Age Group 

18-20 63.47% 36.53% 10.86% 

21-29 64.55% 35.45% 38.04% 

30-39 57.69% 42.31% 32.34% 

40-49 50.70% 49.30% 10.73% 
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50-59 66.61% 33.39% 4.04% 

60-69 49.87% 50.13% 2.64% 

Over 70 / 100% 1.35% 

Ethnic Group 

African American / Black 39.54% 60.46% 8.11% 

Asian / Asian American 27.98% 72.02% 9.47% 

Hispanic / Latino 63.46% 36.54% 5.34% 

Native American    / 100% 1.38% 

White / Caucasian 62.38% 37.62% 75.70% 

 

 

Overall, in the monetary choice task, the average probability of choosing the patient 

option (i.e., delayed rewards) was 34.57%, and among all these patient decisions, 

59.15% of choices came from women. Participants chose the patient option 33.8% of 

the time. The results about the average response time for different choices in two tasks 

are reported in Table 2. The mean response time (RTs) in the sample was 1.49 seconds 

and there were almost no differences in the average response time for women and men. 

An independent t-test was conducted on 74 individuals to determine if gender led to a 

difference in mean response time for making monetary choices. Results revealed that 

the mean response time was not different between the two groups (𝑡 = −0.3209,w/

df = 74,𝑝 = 0.8349) , at a significance level of 0.05. Participants spend a longer time 

choosing the patient option in the task (∆RTs = 0.10 seconds, 𝑡(74) = 7.12, 𝑝 =

0.00). The average response time for the delayed option was 1.56 seconds, while the 

average immediate option took 1.45 seconds.  

 

With respect to the food choice task, the average probability of choosing the patient 

option (i.e., healthier but less tasty food) was 47.34%, and among all these patient 

decisions, 58.19% of these were made by women. The average response time was 1.07 
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seconds across all participants and there was also no sufficient evidence to state that the 

mean response time was different between the two genders (Table 2). Results from the 

independent t-test to examine if gender effect on average response time for making food 

choices was significant implied that the average response time was not different for men 

and women (𝑡 = 0.3278,w/df = 74,𝑝 = 0.7431) , at a significance level of 0.05. It 

took the participants a longer time when they tended to go for the healthier food instead 

of the tastier one (∆RTs = 0.05 seconds, 𝑡(74) = 2.94, 𝑝 < 0.01).  

 

Therefore, in both tasks, participants spent more time choosing the patient options and 

gender did not affect the response time significantly. The gender distributions of the 

patient options were similar in two tasks. Less participants prefer the patient options and 

38 out of 74 participants went for the earlier option more often than the patient ones. 

Also, the mean response time in the monetary choices was greater than the one in the 

food choices (∆RTs = 0.42 seconds,𝑡(74) = 5.27,𝑝 < 0.001), indicating that 

participants chose food items sooner than the monetary rewards. Moreover, there was a 

significant positive correlation between the choice probability of the healthier but less 

tasty food item and the choice probability of the delayed reward (𝑐𝑜𝑟𝑟 = 0.37,𝑡(74) =

2.45, 𝑝 = 0.005), indicating participants who preferred the healthier foods were also 

more likely to choose the delayed rewards. 
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Table 2 Average response time for choices by gender 

 

      Average Response Time (in seconds) in Monetary Choice Task 

   Total Average Delayed Rewards Immediate Rewards 

Women 1.488 1.560 1.448 

Men       1.491 1.550 1.459 

         Average Response Time (in seconds) in Food Choice Task 

   Total Average Tastier but less healthy Healthier but less tasty 

Women 1.075 1.066 1.086 

Men       1.070 1.032 1.118 

 

3.2.2 Computational Model 

 

To identify if and how gender affects an individual's intertemporal choice, I apply the 

Mixed Drift Diffusion Model. In this model, the process of making a decision is 

assumed as processing the information by accumulating evidence for each of two 

options until one of the two decision boundaries is met, the associated response is 

produced. Figure 1 clearly depicts the four parameters that are used to describe the 

decision-making process in the model.  

 

Decision-makers probably have pre-existing (pre-decision) bias towards a specific 

choice before seeing the options at the beginning, so 𝑧 denotes the starting point bias to 

select one option before the evidence accumulation process, ranging from -1 to 1.   

𝛼 is the threshold, which determines the level of evidence needed to make a decision. 

When the information is accumulated till the stopping boundary, the decision is 

produced successfully, and 0 is the lower boundary. Higher threshold leads to an 

increase in response time, meaning the decision criteria for the options of the decision-

maker is changing during the evidence accumulation process that needs longer time to 
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hit the boundary and make the final choice. In this paper, the upper boundary is 

corresponding to the immediate rewards in the monetary choice task and the tastier but 

less healthy option in the food choice task with self-conflict trials only. The drift rate 

(𝑣) is the average rate of information uptake during the evidence accumulation process, 

indicating the speed of making the decision, so a higher rate represents a faster decision 

and vice versa.  𝑡𝑁𝐷  reflects the time used for everything except for making a decision. 

For example, if an individual is more familiar with the stimuli and task after taking 

training, the non-decision-time will decrease. The response time in a trial is assumed to 

be the time taken for the accumulating evidence to reach a decision threshold added to a 

fixed non-decision-time. In Figure 1, the trajectory represents a hypothetical 

accumulation process in a single trial. 

 

Figure 1 Information Accumulation in DDM 

 

For the monetary choice task, I use two different models of intertemporal preferences to 

fit the data. First, I build on previous applications of DDM to intertemporal choice by 

Zhao and colleagues (2019), they have suggested that the intertemporal preferences can 

be modeled as a linear function of the differences in rewards and time delays and 

especially the drift rate depends on the weights on monetary amounts and time delays 

attributes. Consequently, I assume the drift rate to be 
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𝑣 = 𝑣0 + 𝑤∆𝑅(𝑅𝐷 − 𝑅𝐼 ) + 𝑤∆𝑇𝐼𝑀𝐸𝑇𝐷 

where 𝑅𝐷 is the delayed reward, 𝑅𝐼 is the immediate reward, 𝑇𝐷 represents the time 

delays in days, 𝑣0  is the drift rate intercept,  𝑤∆𝑅 and 𝑤∆𝑇𝐼𝑀𝐸 are the weights on the 

monetary amounts and time delays differences between the delayed and immediate 

option. The directions of  𝑤∆𝑅 and 𝑤∆𝑇𝐼𝑀𝐸 show the preferences for monetary amounts 

and time delays. If 𝑤∆𝑅 and 𝑤∆𝑇𝐼𝑀𝐸 are positive, the response is more likely to be the 

delayed option. In this model, I keep the nominal values of the monetary amounts for 

both 𝑅𝐷 and 𝑅𝐼 in each trial and fit the model. 

 

Secondly, I construct the value of the delayed reward (𝑅𝐷) from the discount function. I 

follow the approach taken by Chabris and colleagues (2008) to assign the value 𝑅𝐷 by 

fitting a hyperbolic discount function 

𝑅𝐷 =
𝐴𝐷

1 + 𝑘𝑇𝐷

 

where 𝑅𝐷 is the value of the delayed option, 𝐴𝐷 is the monetary amount, 𝑇𝐷 is the time 

delays in days, and 𝑘 is the discount rate. The discount rate is fit using the choice data, 

and I find the optimal k-value by selecting the value that is most likely to generate the 

observed choice data, in order to measure the value of the delayed reward for each 

participant.  

 

Since the delayed amounts are always greater than the immediate amounts (𝑅𝐷 ≥ 𝑅𝐼 ), 

we have: 
𝐴𝐷

1+𝑘𝑇𝐷
≥ 𝑅𝐼. The probability of choosing the delayed rewards would be 
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𝐹𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐 (
𝐴𝐷

1+𝑘𝑇𝐷
− 𝑅𝐼) ≥

𝑒

𝑅𝐼
1+𝑘𝑇𝐷

𝑒𝑅𝐷+𝑒

𝑅𝐼
1+𝑘𝑇𝐷

, as the preferences rise from a logit distribution. 

By using the Maximum Likelihood Estimation, I can identify the optimal k-value for 

each participant, and the likelihood function is 

𝐿(𝑘, 𝐷) = ∏ [𝐹𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐 (
𝐴𝐷

1+𝑘𝑇𝐷
− 𝑅𝐼 )]

𝐷𝑡
[1 − (

𝐴𝐷

1+𝑘 𝑇𝐷
− 𝑅𝐼)]

1−𝐷𝑡216
𝑡=1 , where 𝐷𝑡 is the 

dummy variable (𝐷𝑡 = 1 means the delayed option is chosen in this trial 𝑡). The average 

value of the estimated hyperbolic discount parameter 𝑘 is 0.017 (SD = 0.022). 

In the second model for the monetary choice task, the drift rate would be: 

𝑣 = 𝑣0 + 𝑤∆𝑅(𝑅𝐷 − 𝑅𝐼 ) 

where 𝑅𝐷 is the discounted value of the delayed reward. However, when these two 

models are compared using the Akaike information criterion (AIC), the AIC of the 

model with discount rate 𝑘 (AIC = 54527) is larger than the one with nominal values 

(AIC = 54460). Lower AIC value indicates a better-fit model, so the first model fit the 

data better and is selected in further analysis. 

 

For the food choice task, I follow the approach to fit DDM by Enax and colleagues 

(2016) in which they assume that binary food preferences would be influenced by the 

taste ratings differences and healthiness ratings differences between the healthy and 

unhealthy food items, and the drift rate depends linearly on the weight on the taste and 

healthiness attributes. Similarly, I assume the drift rate to be: 

𝑣 = 𝑣1 + 𝑤∆𝑇𝐴𝑆𝑇𝐸(𝑇𝐻 − 𝑇𝑈) + 𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻 (𝐻𝐻 − 𝐻𝑈) 
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where 𝑤∆𝑇𝐴𝑆𝑇𝐸 and 𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻  are the weights on the differences between the taste 

ratings and healthiness ratings of the healthy food item, 𝑇𝐻 and 𝐻𝐻, and the unhealthy 

one, 𝑇𝑈 and 𝐻𝑈, accordingly. 𝑣1 is the drift rate intercept. Positive 𝑤∆𝑇𝐴𝑆𝑇𝐸 indicates the 

preference for tastier food item, similarly, positive 𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻  shows the preference for 

healthier food item. However, for the no-conflict trial, the attribute weight of tastiness 

would be the difference between the tastier food and the less tasty food, so the upper 

boundary of the no-conflict trial is the healthier and tastier food.  

 

To fit all the described models to the data I use the hddm package (Wiecki et al., 2013) 

in the Python programming language. With the hddm package, users can estimate 

diffusion model parameters, in a hierarchical Bayesian method, with minimal use of 

computer code. The hddm estimation technique depends on Markov Chain Monte Carlo 

sampling, which means that the posterior distributions are approximated by repeatedly 

drawing very many samples from those distributions (Krypotos et al., 2015). 

 

DDM is fit to every participant separately and all the parameters are estimated on the 

individual-level. As the MCMC algorithm is used in DDM for sampling, it is necessary 

to check if the chains of the model have properly converged. By plotting and checking 

the trace, the autocorrelation, and the marginal posterior, I examine the convergence for 

the model in two tasks. The posterior trace plots depict the variability in estimates by 

the chain. The autocorrelation plots imply the stability of the parameters and the 

relationship among the drawn samples. For the marginal posterior histogram, the 

distributions of the estimates are displayed.  
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As shown in Figure 2, there are no apparent anomalies in the trace plots for both 

parameters in the food choice task, showing fairly constant mean and variances. Also, 

the fluctuations are around zero, without having long tails of the distributions, 

indicating the samples are independent draws from the posterior. The histograms 

represent the approximation of the marginal posterior distribution for the parameters 

and the group mean posteriors are all normally distributed. Consequently, the samples 

in the food choice task converge appropriately. Figure 3 displays the convergence of the 

model in the monetary choice task, there are also no obvious drifts or large jumps in the 

trace plots and the autocorrelation for t is large at short lags, but then goes to zero 

quickly. Also, the marginal posteriors of the parameters are normally distributed. In the 

monetary choice task, the model demonstrates convergence of the MCMC chains.  

 

Figure 2 Trace plots, autocorrelation plots, and marginal posterior for food choice task  
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Figure 3 Trace plots, autocorrelation plots, and marginal posterior for monetary choice task  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For both monetary and food choice tasks, I estimate the drift-rate (𝑣), boundary (𝑎), bias (𝑧),  

and non-decision time (𝑡𝑁𝐷 ) for each participant and compare those parameters between two  
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tasks. Also, for the food choice task, I additionally fit the model with the self -control trials  

only. Each individual was required to rate the health and taste of each food image, so if  

one food item is considered to be healthier and the alternative one is tastier, this trial  

would be defined as a self-control trial. On average, 88 out of 200 trials for each individual 

are excluded from the model with self-conflict trials only, since these are no-conflict trials.  

Overall, 44.8% of trials are self-conflict trials in the food choice task.  
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CHAPTER 4: RESULTS 

 

The estimations of posterior means of the parameters for 74 individuals in the food 

choice tasks are reported in Table 3. As you can see from the posterior estimates the 

differences of threshold (𝛼), bias(𝑧), non-decision time (𝑡𝑁𝐷 ), and weights on tastiness 

attribute (𝑤∆𝑇𝐴𝑆𝑇𝐸) and healthiness attribute (𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻 ) under different conditions 

seem negligible, and the differences of these parameters between two conditions were 

not significant. The posterior mean of drift rate (𝑣) with the self-control trials only is 

significantly less than the one in the original model with a 95% credible level, which 

means that participants make decisions slower when they are facing self-conflict trials. 

For example, if one of the food options is healthier and tastier, the individual would be 

more likely to pick it without too much hesitation. Actually, the self-conflict trials are 

more typical intertemporal choice because it depends upon the tradeoff between a 

sooner outcome with high value and a later outcome with low value (Zauberman & 

Urminsky, 2016). The healthier but less tasty food will bring long-term benefits of 

health while the less healthy but tastier alternative will have immediate benefits of taste.  

 

In Table 3, I check the posterior means of 𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻  and 𝑤∆𝑇𝐴𝑆𝑇𝐸 from the results for 

all trials and find that 𝑤∆𝑇𝐴𝑆𝑇𝐸 was not significantly different from zero for 27 

participants (17 negative and 10 positive), and 𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻 were not significantly different 

from zero for 30 participants (12 negative and 18 positive), as determined by 95% 

credible intervals. Therefore, I remain the results from the self-conflict trials only for 

further analysis. 
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Overall, in the self-conflict trials, the posterior means of 𝑤∆𝑇𝐴𝑆𝑇𝐸 were negative for 32 

participants, indicating a preference for tastier but unhealthy food, while 29 participants 

had a positive posterior mean for 𝑤∆𝑇𝐴𝑆𝑇𝐸. As for the posterior means of 𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻 , 36 

participants had a positive posterior mean for 𝑤∆𝐻𝐸𝐴𝐿𝑇𝐻 , and 27 participants had a 

negative one.  

 

The result of the posterior means of the parameters in the monetary choice task are 

summarized in Table 4. As expected, 62 participants had positive posterior means for 

𝑤∆𝑅 and negative posterior means for  𝑤∆𝑇𝐼𝑀𝐸. 9 participants had a negative 𝑤∆𝑅 and 5 

participants had a positive posterior mean for  𝑤∆𝑇𝐼𝑀𝐸, but none of these were 

significant with 95% credible intervals.  

 

Table 3 Group-level parameters posterior means in food choice task 

 

  𝒂 𝒗 𝒛 𝒕𝑵𝑫 𝒘∆𝑻𝑨𝑺𝑻𝑬  𝒘∆𝑯𝑬𝑨𝑳𝑻𝑯  

Food Choice 
Task 

Mean 1.69 0.21 0.490 0.11 -0.03 0.02 

1st quantile 1.55 0.18 0.482 0.06 -0.11 -0.06 

Median 1.70 0.21 0.487 0.11 -0.01 0.02 

3rd quantile 1.85 0.26 0.495 0.23 0.09 0.08 

SD 0.18 0.06 0.011 0.15 0.16 0.12 

Food Choice 
Task with 

Self-conflict 
Trials 

Mean 1.60 0.18 0.482 0.15 -0.05 0.01 

1st quantile 1.52 0.14 0.478 0.10 -0.07 -0.02 

Median 1.59 0.19 0.483 0.16 -0.03 0.01 

3rd quantile 1.67 0.21 0.488 0.28 0.14 0.04 

SD 0.13 0.05 0.008 0.12 0.19 0.07 

Note.  𝑣 indicates the drift rate in the model; 𝑎  indicates the threshold in the model; 𝑡𝑁𝐷  indicates the 

non-decision time in the model; 𝑧  indicates the bias in the model. 
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Table 4 Group-level parameters posterior means in monetary choice task 

 

  
 𝑎 𝑣 𝑧 𝑡𝑁𝐷  𝑤∆𝑅 𝑤∆𝑇𝐼𝑀𝐸  

Monetary 
Choice 
Task 

Mean 2.49 0.18 0.446   0.08   0.11   -0.09 

1st quantile 2.46 0.14 0.444   0.04   0.05   -0.12 

Median 2.49 0.18 0.446   0.06   0.12   -0.08 

3rd quantile 2.52 0.22 0.447   0.11   0.17   -0.04 

SD 0.03 0.06 0.003   0.06   0.05   0.03 
Note.  𝑣 indicates the drift rate in the model; 𝑎 indicates the threshold in the model; 𝑡𝑁𝐷  indicates the non-

decision time in the model; 𝑧 indicates the bias in the model. 

 
 

The posterior means of boundary parameter (𝛼) were lower and the drift rate (𝑣) were 

higher in the food choice task (Table 3) than the ones in the monetary choice task 

(Table 4), with 95% credible level, specifying that the time needed to accumulate 

information was longer and the speed of information processing was slower in the 

monetary choice task. This is in line with the previous findings when I compare the 

means response time (RTs) across two tasks, so food items seemed to be chosen faster 

than monetary rewards in the experiment. The estimated posterior means of non-

decision time (𝑡𝑁𝐷 ) and bias (𝑧) both differed slightly between the two tasks, which are 

not significant. Given that participants should not be able to know where a sooner or 

later option would be presented in each trial in both tasks, I assume that different task 

would not affect 𝑡𝑁𝐷  and 𝑧.  

 

I also compute the correlations between posterior means of parameters in the food 

choice task and the ones in the monetary choice task, and the results are reported in 

Table 5. I find that both 𝛼 and  𝑣 in the food choice task were positively correlated with 

the ones in the monetary choice task. There were no significant correlations of bias (𝑧) 

or non-decision time (𝑡𝑁𝐷 ) across two tasks.   
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Table 5 Parameter correlations across two tasks 

Parameters           𝑎            𝑣              𝑧            𝑡𝑁𝐷 

 
                  𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠     0.312**    0.230*    -0.103     -0.078

 
 Note. * indicates p < 0.05; ** indicates p < 0.01 

 

 

To further observe if there is a gender effect on an individual's intertemporal choice, I 

estimate the posterior means for four parameters: drift rate (v), threshold (α), bias(z), 

and non-decision time (𝑡𝑁𝐷 ) on the group level and compare differences of the two 

genders mean posteriors for these parameters in two tasks, then I can detect whether the 

gender effect is significant or not in two tasks separately. 

 
 

Table 6 Group-level parameters posterior means by gender in two tasks 
 

 
                Women                       Men 

Note. 𝑣 indicates the drift rate in the model; 𝑎 indicates the threshold in the model; 𝑡𝑁𝐷  indicates the non-

decision time in the model; 𝑧 indicates the bias in the model. 

 

 

Table 5 reports the group-level parameter statistics by gender in two tasks. In the 

monetary choice task, the posterior mean of drift rate for men was slightly lower than 

that for women. I also did significance tests on the posterior directly and examine 

  𝑎 𝑣 𝑧 𝑡𝑁𝐷  𝑎 𝑣 𝑧 𝑡𝑁𝐷  

Monetary 
Choice 
Task 

Mean 2.471 0.184 0.444 0.08 2.492 0.175 0.445 0.08 

1st quantile 2.452 0.145 0.442 0.06 2.465 0.137 0.439 0.07 

Median 2.473 0.184 0.444 0.08 2.494 0.174 0.444 0.08 

3rd quantile 2.490 0.218 0.446 0.12 2.513 0.215 0.449 0.10 

SD 0.022 0.055 0.004 0.06 0.024 0.058 0.009 0.04 

Food 
Choice 
Task 

with Self-
conflict 
Trials 

Mean 1.584 0.134 0.484 0.14 1.550 0.153 0.483 0.15 

1st quantile 1.549 0.097 0.481 0.11 1.498 0.109 0.477 0.08 

Median 1.591 0.133 0.485 0.15 1.562 0.154 0.485 0.16 

3rd quantile 1.621 0.174 0.488 0.18 1.627 0.198 0.491 0.22 

SD 0.049 0.051 0.006 0.05 0.073 0.062 0.008 0.07 
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whether the drift-rate for women was greater than that for men and the probability was 

0.625. The difference in the posterior means of drift rate for men and women was not 

statistically significant, so there was no gender effect on the speed of making decisions 

in the monetary choice task accordingly. As for the threshold, the group-level posterior 

mean for men was greater than the one for women (Table 5), and the probability that the 

posterior mean of threshold for women was higher than men’s one was 0.657, so it is 

hard to conclude there is a significant difference in the threshold for different genders. 

As a result, gender did not serve as a driving factor affecting the time taken to 

accumulate evidence and make decisions in monetary choice task. Similar to drift-rate 

and threshold, there was no distinct evidence to show that gender influences non-

decision time; the posterior means of times for two genders were nearly the same (Table 

5). The probability that the posterior means of non-decision time for men was greater 

than that for men was 0.508, so gender is not a cause of the small difference in non-

decision times in the task. Also, the effect of gender on the bias was not significant here 

due to the counterbalancing strategy. The probability that the posterior means of bias for 

men was greater than that for men was 0.516.  

 

With respect to the food choice task, the averaged group-level posterior drift-rate for 

men was slightly higher than women (Table 5), but the probability that the drift rate for 

men was greater than that for women was 0.643. The difference in the posterior means 

of the drift rates for two genders was not statistically significant, so gender would not 

affect the speed of making decisions in the food choice task. Regarding the threshold, 

the posterior means of threshold for women was greater than that for men (Table 5), and 
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the probability for this was 0.676, so the difference in the threshold for these two 

genders was not significant either. There is no gender effect on the time taken to reach 

the decision threshold in food choice task. As for the non-decision time, on average, 

women took less time than men (Table 5), but the probability that the posterior means 

of non-decision time for men is greater than women is 0.513; thus, gender has no 

impact on the non-decision time in this task. There are no significant differences in the 

posterior means of bias for two genders, as the probability that the bias for women was 

greater than the one for men as 0.515. According to the results, I find a similar absence 

of gender differences that leads to the individual differences in both monetary and food 

choice tasks, which is in line with previous research (Anderson et al., 2009; Harrison et 

al., 2002). The slight distinction is probably due to the interaction effect or random 

effect, which can be studied in future research. 
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CHAPTER 5: CONCLUSION 

 
 

To explore if and how gender has impact on the individual differences in intertemporal 

choice, this paper conducts an online choice experiment including a monetary choice 

task and a food choice task, through Amazon Mechanical Turk (Mturk) and analyzes 

the gender effect using drift-diffusion Model. In the survey, participants were asked to 

choose between an immediate but smaller reward and a larger but later reward for 216 

hypothetical trials in the monetary choice task. Also, in the food choice task, they 

needed to rate the health and taste of 40 different food items and select a preferred food 

in each pair for 200 sets, where one is a healthy but less tasty food and another one is a 

tasty but less healthy food. For both tasks, I collect the responses of each individual, 

record the response time for each trial and obtain the demographic information at the 

end of the survey.  

 

By fitting the Drift Diffusion Model to the data, I quantitatively estimate the various 

parameters in the model, such as the drift rate (v), threshold (α), bias(z), and non-

decision time (𝑡𝑁𝐷 ) with a combination of choice and response time data on the 

individual-level for the two tasks, and I compare the parameters across the tasks. I also 

find that the drift rate and threshold in the food choice task are positively correlated to 

the ones in the monetary choice task. Furthermore, I look into the gender impact on 

intertemporal choice regarding the decision-making process. To identify if and how 

gender affects the individual differences in intertemporal choice, I do the comparison of 

these parameters between men and women and do the hypothesis test for each 

parameter. The results indicate that there are no significant differences in v, α, z, and 
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𝑡𝑁𝐷  for men and women in both tasks, therefore I do not find profound gender effect on 

individual differences in intertemporal choices.  

 

The current study sheds light on discussing if and how women and men differ in 

intertemporal choices, which is an arguable question in previous research. Instead of 

using traditional logistic regression to obtain the significance and importance of 

potential factors or variables, this work uses the drift-diffusion model to explore how 

the factors or variables influence the decision process. DDM can be applied to 

decompose the process into quantitative parameters and analyze with the choice and 

response time in the tasks, so the combination of choice and response time in DDM is 

different from investigating their relationships with the variables separately and 

estimating the coefficients.  

 

However, this study remains limitations and can be improved for future research. 

Fundamentally, the results of the current work are based on purely hypothetical 

decisions, because participants in two tasks would not actually receive any monetary 

reward or snack, they had chosen. Non-consequential choices and hypothetical 

scenarios in the survey would affect the accuracy and validity of the responses of 

participants.  For example, when the participants are confronted with a large number of 

hypothetical choices sets or more complex questions, they would get impatient and 

repeated answers would be submitted. Hence, future research can consider asking 

participants to make decisions that had actual consequences in the survey, in order to 

minimize fake or inconsistent responses and avoid bias. Also, the individual across-trial 
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variability parameters are not discussed in this paper, due to the constraint and 

assumption of the model, so the estimated parameters are not trial-specific. Moreover, 

the parameters are fixed for a single trial in the assumption of DDM, so other extensions 

should be applied to explain possible time-varying parameters. Additionally, the hddm 

package cannot support the evidence which changes in magnitude throughout a single 

trial (Shinn et al., 2020). More work is needed to address the inter-trial variabilities 

during decision process by expanding the model or using other advanced techniques.  

 

 

 

 

 

 

 

 

 
 
 

 
 

 
 
 

 
 

 
 
 

 
 



  36 

REFERENCE 

 
Anderson, C. L., & Gugerty, M. K. (2009). Intertemporal choice and development policy: new 

evidence on time-varying discount rates from Vietnam and Russia. Developing Economies, 

47(2), 123-146.  

 

Bjorklund, D. F., & Kipp, K. (1996). Parental investment theory and gender differences in the 

evolution of inhibition mechanisms. Psychological Bulletin, 120(2), 163-188.  

 

Chabris, C.F., Laibson, D., Morris, C.L., Schuldt, J. P., & Taubinsky, D. (2008). Individual 

laboratory-measured discount rates predict field behavior. J Risk Uncertain, 37, 237. 

 

Civai, C., Hawes, D. R., DeYoung C. G., & Rustichini, A. (2016). Intelligence and Extraversion in the 

neural evaluation of delayed rewards. Journal of Research in Personality, 61, 99-108.  

 

Dittrich, M., & Leipold, K. (2014). Gender differences in time preferences. Economics Letters, 

122(3), 413-415. 

 

DeHart, W. B., Friedel, J. E., Lown, J. M., & Odum, A. L. (2016). The Effects of Financial Education 

on Impulsive Decision Making. PLoS ONE, 11(7): e0159561. 

 

Dietrich, C. (2010). Decision Making: Factors that Influence Decision Making, Heuristics Used, and 

Decision Outcomes. Inquiries Journal, 2(2). 

 

de Wit, H., Flory, J. D., Acheson, A., McCloskey, M., & Manuck, S. B. (2007). IQ and nonplanning 

impulsivity are independently associated with delay discounting in middle-aged adults. 

Personality and Individual Differences, 42(1), 111-121. 

 

Elton, A., Smith, C. T., Parrish, M. H., & Boettiger, C. A. (2017). Neural systems underlying 

individual differences in intertemporal decision-making. Journal of Cognitive Neuroscience, 

29(3), 467-479.  

 

Enax L., Krajbich I., & Weber B. (2016). Salient nutrition labels increase the integration of health 

attributes in food decision-making. Judgment and Decision Making, 11(5), 460–471. 

 

Fisher, G. (2021). Intertemporal Choices Are Causally Influenced by Fluctuations in Visual Attention. 

Management Science, 67(8), 4961-4981. 

 

Fontanesi, L., Gluth, S., Spektor, M. S., & Rieskamp, J. (2019). A reinforcement learning diffusion 

decision model for value-based decisions. Psychonomic Bulletin & Review, 26(4), 1099-

1121. 

 

Garza, K. B., Datubo-Brown, C., Gaillard, P., & Jeminiwa, R. (2019). Delay discounting and its 

association with food purchasing considerations and food availability in the home in south -

east Alabama, USA. Public Health Nutrition, 22(2), 287–294. 

 

Guo, Y., & Feng, T. (2015). The mediating role of LPFC–vmPFC functional connectivity in the 

relation between regulatory mode and delay discounting. Behavioural Brain Research, 292, 

252-258. 

 

Green, L., Myerson, J., & Ostaszewski, P. (1999). Discounting of delayed rewards across the life 

span: Age differences in individual discounting functions. Behavioural Processes, 46(1), 89-

96. 

 



  37 

Harrison, G. W., Lau, M. I., & Williams, M. B. (2002). Estimating individual discount rates in 

Denmark: A field experiment. American economic review, 92(5), 1606-1617. 

 

Hare,T. A., Malmaud, J. & Rangel, A. (2011). Focusing attention on the health aspects o f foods 

changes value signals in vmPFC and improves dietary choice. Journal of Neuroscience, 

31(30), 11077-11087. 

 

Johnson, M. W., Johnson, P. S., Herrmann, E. S., & Sweeney, M. M. (2015). Delay and probability 

discounting of sexual and monetary outcomes in individuals with cocaine use disorders and 

matched controls. PLoS ONE, 10(5), 1-21. 

 

Jung, D., Bharati, T., & Chin, S. (2021). Does Education Affect Time Preference? Evidence from 

Indonesia. Economic Development & Cultural Change, 69(4), 1451-1499.  

 

Kim, B., Sung, Y. S., & McClure, S. M. (2012). The neural basis of cultural differences in delay 

discounting. Philosophical transactions of the Royal Society of London. Philosophical 

Transactions: Biological Sciences, 367(1589), 650-656.  

 

Kapteyn, A., & Teppa, F. (2003). Hypothetical Intertemporal Consumption Choices. The Economic 

Journal, 113(486), C140-C152. 

 

Keidel, K., Rramani, Q., Weber, B., Murawski, C. & Ettinger, U. (2021). Individual Differences in 

Intertemporal Choice. Frontiers in Psychology, 12.  

 

Kirby, K. N. (2009). One-year temporal stability of delay-discount rates. Psychonomic Bulletin & 

Review, 16(3), 457-462. 

 

Ketaren, K., & Sianturi, N.M. (2017). Decision Making Modelling with Logistic Regression 

Approach. International Journal of Applied Engineering Research , 12(19), 9067-9073. 

 

Krypotos, A. M., Beckers, T., Kindt, M., & Wagenmakers, E. J. (2015). A Bayesian hierarchical 

diffusion model decomposition of performance in Approach-Avoidance Tasks. Cognition & 

emotion, 29(8), 1424-1444. 

 

Kaighobadi, F., & Stevens, J. R. (2013). Does fertility status influence impulsivity and risk taking in 

human females? Adaptive influences on intertemporal choice and risky decision making. 

Evolutionary psychology: an international journal of evolutionary approaches to psychology 

and behavior, 11(3), 700-717. 

 

Lempert, K. M., Porcelli, A. J., Delgado, M.R., & Tricomi, E. (2012). Individual differences in delay 

discounting under acute stress: the role of trait perceived stress. Frontiers in Psychology, 3. 

 

Lin, H., & Epstein, L. H. (2014). Living in the moment: Effects of time perspective and emotional 

valence of episodic thinking on delay discounting. Behavioral Neuroscience, 128(1), 12-19. 

 

Liu, L., Feng, T., Suo, T., Lee, K., & Li, H. (2012). Adapting to the destitute situations: poverty cues 

lead to short-term choice. PLoS ONE, 7(4), e33950.  

 

Lu Y., & Zhuang, X. (2014). The impact of gender and working experience on intertemporal choices,  

Physica A: Statistical Mechanics and its Applications, 409 , 146-153, 

 

Leblanc, V., Bégin, C., Corneau, L., Dodin, S., & Lemieux, S. (2015). Gender differences in dietary 

intakes: what is the contribution of motivational variables? Journal of human nutrition and 

dietetics: the official journal of the British Dietetic Associat ion, 28(1), 37-46. 

 



  38 

Luhmann, C. C., Chun, M. M., Yi, D. J., Lee, D., & Wang, X. J. (2008). Neural dissociation of delay 

and uncertainty in intertemporal choice. Journal of Neuroscience, 28(53), 14459-14466. 

 

Luhmann, C. C., Ishida, K., & Hajcak, G. (2011). Intolerance of Uncertainty and Decisions About 

Delayed, Probabilistic Rewards. Behavior Therapy, 42(3), 378-386. 

 

Ladouceur, R., Gosselin, P., & Dugas, M. J. (2000). Experimental manipulation of intolerance of 

uncertainty: A study of a theoretical model of worry. Behaviour research and therapy, 38(9), 

933-941. 

 

Manning, J., Hedden, T., Wickens, N., Whitfield-Gabrieli, S., Prelec, D., & Gabrieli, J. D. E. (2014). 

Personality influences temporal discounting preferences: Behavioral and brain evidence. 

NeuroImage, 98, 42-49. 

 

Malesza, M. (2019). Relationship between emotion regulation, negative affect, gender and delay 

discounting. Current Psychology: A Journal for Diverse Perspectives on Diverse 

Psychological Issues, 1.  

 

Milosavljevic, M., Malmaud, J., Huth, A., Koch, C., & Rangel, A. (2010). The drift diffusion model 

can account for value-based choice response times under high and low time pressure. 

Judgement & Decision Making, 5(6), 437-449. 

 

Mahalingam, V., Stillwell, D., Kosinski, M., Rust, J., & Kogan, A. (2014). Who Can Wait for the 

Future? A Personality Perspective. Social Psychological and Personality Science, 5(5), 573-

583. 

 

McLeish, K. N., Oxoby, R. J. (2009). Stereotypes in intertemporal choice. Journal of Economic 

Behavior & Organization, 70(1-2), 135-141.  
 

Mitte, K. (2007). Anxiety and risky decision-making: The role of subjective probability and subjective 

costs of negative events. Personality and Individual Differences, 43(2), 243-253. 

 

O'Connor, S., Sonni, A., Karmarkar, U., & Spencer, R. (2018). Naps Do Not Change Delay 

Discounting Behavior in Young Adults. Frontiers in Psychology, 9.  

 

Polanía, R., Moisa, M., Grueschow, M., Ruff, C. C., & Opitz, A. (2015). The precision of value-based 

choices depends causally on fronto-parietal phase coupling. Nature Communications, 

6(8090). 

 

Papoutsi, G. S., Klonaris, S., & Drichoutis, A. (2021). The health-taste trade-off in consumer decision 

making for functional snacks: an experimental approach. British Food Journal, 123(5), 

1645–1663.  

 

Peters, J., & D’Esposito, M. (2020). The drift diffusion model as the choice rule in inter-temporal and 

risky choice: A case study in medial orbitofrontal cortex lesion patients and controls. PLoS 

Comput Biol, 16(4): e1007615. 

 

Pedersen, M.L., Frank, M.J. & Biele, G. (2017). The drift diffusion model as the choice rule in 

reinforcement learning. Psychon Bull Rev, 24, (1234–1251).  

 

Reimers, S., Maylor, E. A., Stewart, N., & Chater, N. (2009). Associations between a one-shot delay 

discounting measure and age, income, education, and real-world impulsive behavior. 

Personality and Individual Differences, 47(8), 973-978. 

 

Read, D., & Read, N. L. (2004). Time discounting over the lifespan. Organizational Behavior and 

Human Decision Processes, 94(1), 22-32. 



  39 

Seinstra, M., Grzymek, K., & Kalenscher, T. (2015). Gender-Specific Differences in the Relationship 

between Autobiographical Memory and Intertemporal Choice in Older Adults. PLoS ONE, 

10(9), 1-22. 

 

Seaman, K. L., Gorlick, M. A., Vekaria, K. M., Hsu, M., Zald, D. H., & Samanez-Larkin, G. R 

(2016). Adult age differences in decision making across domains: Increased discounting of 

social and health-related rewards. Psychology and Aging, 31(7), 737-746.  

 

 

Sutter, M., Levent, Y., & Manuela, O. (2015). Delay of gratification and the role of defaults-An 

experiment with kindergarten children. Economics Letters, 137(C), 21-24. 

 

Silva, S., Faveri, D. & Matsushita, R. (2017) Personality Influences Hyperbolic Discounting. Open 

Access Library Journal, 4, 1-12. 

 

Skylark, W. J., Chan, K., Farmer, G. D., Gaskin, K. W., & Miller, A. R. (2020). The delay-reward 

heuristic: What do people expect in intertemporal choice tasks? Judgment and decision 

making, 15(5), 611-629. 

 

Shamosh, N. A., & Gray, J. R. (2008). Delay discounting and intelligence: a meta -analysis. 

Intelligence, 36(4), 289-305. 

 

Tavares, G., Perona, P., & Rangel, A. (2017). The Attentional Drift Diffusion Model of Simple 

Perceptual Decision-Making. Frontiers in Neuroscience, 11.  

 

Weiss, N. H., Tull, M. T., Viana, A. G., Anestis, M. D., & Gratz, K. L. (2012). Impulsive beha viors as 

an emotion regulation strategy: Examining associations between PTSD, emotion 

dysregulation, and impulsive behaviors among substance dependent inpatients. Journal of 

Anxiety Disorders, 26(3), 453-458. 

 

Wiecki, T. V., Sofer, I., & Frank, M. J. (2013). HDDM: Hierarchical Bayesian estimation of the Drift -

Diffusion Model in Python. Frontiers in Neuroinformatics, 7(14). 

 

Yahia, N., Wang, D., Rapley, M., & Dey, R. (2016). Assessment of weight status, dietary habits and 

beliefs, physical activity, and nutritional knowledge among university students. Perspectives 

in Public Health, 136(4), 231-244. 

 

Zhao, W. J., Diederich, A., Trueblood, J. S., & Bhatia, S. (2019). Automatic biases in intertemporal 

choice. Psychonomic Bulletin & Review, 26(2), 661. 

 

Zhao, W. J., Walasek, L., & Bhatia, S. (2020). Psychological mechanisms of loss aversion: A drift -

diffusion decomposition. Cognitive Psychology, 123 , (101331).  

 

Zauberman, G., & Urminsky, O. (2016). Consumer intertemporal preferences. Current Opinion in 

Psychology, 10, 136–141. 

 
 

https://ideas.repec.org/a/eee/ecolet/v137y2015icp21-24.html
https://ideas.repec.org/a/eee/ecolet/v137y2015icp21-24.html
https://ideas.repec.org/s/eee/ecolet.html
https://www.frontiersin.org/journals/neuroinformatics

