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Abstract

Delay discounting (DD), the decrease of the subjective value of a reward as the delay to its 

receipt increases, is a crucial aspect of decision-making processes. As evidence continues to 

mount, additional attention needs to be given to nonsystematic DD, a response pattern that has 

been reported in the literature but rarely investigated. We noticed in our recent online research 

an increase in the proportion of nonsystematic DD responses across samples, consistent with the 

so-called Amazon Mechanical Turk (MTurk) data quality crisis. The significant proportion of 

nonsystematic responses created an opportunity to investigate its association with data quality in 

the current study. In a sample of smokers recruited from MTurk (n = 210), three independent 

quality check indexes evaluated participants’ response quality. The degree of nonsystematic DD 

was quantified by the algorithms developed by Johnson and Bickel (2008). The area under the 

receiver operating characteristic curve (AUC) predicting response quality by nonsystematic DD 

was obtained. The observed AUC values were at the extreme of the null distributions (ps < 

.001) in a permutation test. Furthermore, the nonsystematic DD cutoffs provided in Johnson and 

Bickel (2008) showed good sensitivity (0.77–0.93), albeit low-moderate specificity (0.42–0.74), in 

detecting low-quality responses. The findings showed that nonsystematic DD was associated with 

low-quality responses, although other factors contributing to the nonsystematic responses remain 

to be identified.
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Introduction

Delay discounting (DD), a highly studied decision-making process, refers to the decrease 

of the subjective value of a reward as the delay to its receipt increases (Madden & 

Bickel, 2010). A brief search on PubMed with the keyword “delay discounting” alone 
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yields over 2,484 papers from 1955 to 2022. Importantly, robust literature implicates 

DD as a mechanism undergirding many socially relevant behaviors, such as poor health 

behaviors and mental health disorders. As a result, DD has been proposed as a candidate 

behavioral marker of addiction and obesity (Bickel et al., 2014; Bickel et al., 2021) and as 

a transdiagnostic process among psychiatric disorders (Amlung et al., 2019). As evidence 

continues to mount regarding DD’s status as a key decision-making process, additional 

attention needs to be given to its measurement methods and analysis protocols.

The majority of individuals discount delayed rewards systematically, which lead to the 

development of mathematical models, such as Mazur’s (1987) hyperbolic decay function. 

However, as previous studies have noted, a participant may sometimes show nonsystematic 

DD (Rung et al., 2018; Smith et al. 2018). That is, the subjective value of a delayed reward 

is greater in longer delays than shorter delays. The overall frequency of nonsystematic DD 

across experiments was 18%, although the number may vary depending on samples and the 

criteria used. Investigators have proposed that these patterns reveal inattention to the task or 

failure to understand task instructions (Smith et al. 2018). In this context, nonsystematic data 

does not reflect the study’s proposed mechanism, and therefore, should be excluded from the 

analysis.

Johnson and Bickel (2008) developed an algorithm to identify nonsystematic DD data with 

two criteria using a model-free method. Criterion 1 assumes a consistent effect of sequential 

delays on discounted value; that is, the present value of a delayed reward determined by the 

behavioral task is greater than the preceding one by a magnitude greater than 20% of the 

amount of the delayed reward. Criterion 2 assumes an overall decrease in discounted value 

as an effect of delay; that is, the present value at the longest delay is not lower than the one 

at the shortest delay by a magnitude of 10% of the amount of the delayed reward. These 

standardized criteria have been used to improve research on DD, evidencing a rigorous and 

sensitive pre-analytic procedure (Craft et al. 2022; White et al. 2015).

While multiple studies have used the algorithm developed by Johnson and Bickel (2008) 

to exclude data, whether nonsystematic DD largely represents low-quality responses 

remains a research question to be answered. This research is difficult, considering the 

majority of individuals show systematic responses. However, in our recent data collected 

through Amazon Mechanical Turk (MTurk) we noticed an increase in the proportion 

of nonsystematic DD responses, consistent with the so-called MTurk data quality crisis 

(Chmielewski & Kucker, 2020; Kennedy et al., 2020). Recent literature has identified 

multiple potential threats to MTurk data quality such as the use of bots (Dreyfuss et 

al., 2018; Stokel-Walker, 2018), study information shared on online forums (Godinho et 

al., 2020), use of virtual private servers by international participants to complete surveys 

directed to U.S. participants (Kennedy et al., 2020), and random answers to experimental 

manipulations (Chmielewski & Kucker, 2020). Procedures following best practices to 

mitigate potential detrimental effects of poor data quality have been suggested, such as 

the addition of attention and validity checks (Chmielewski & Kucker, 2020; Kennedy et al., 

2020; Mellis & Bickel, 2020; Strickland & Stoops, 2019).
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The MTurk data quality crisis provided an opportunity to investigate the relationship 

between nonsystematic DD and low-quality responses. In this study, we investigated this 

relationship through secondary data analysis on a sample for investigating choice behaviors 

in daily cigarette smokers, given the attention to nonsystematic DD in this area of research 

(e.g., Kurti and Dallery 2014; Lawyer et al. 2011). The algorithms developed in Johnson and 

Bickel (2008) were used to quantify individuals’ degree of nonsystematic DD. In addition, 

independent quality check indexes were developed to identify low-quality responses. We 

hypothesized that the degree of nonsystematic DD would predict low-quality responses in 

an analysis of receiver operating characteristic (ROC) curves. As an additional analysis, 

we examined the sensitivity and specificity of the cutoffs proposed by Johnson and Bickel 

(2008) in detecting low-quality responses.

Method

Participants

The participants (N = 210) were recruited via MTurk. The sample size was determined 

by the need of piloting a behavioral choice task under development for a larger research 

project investigating choice behaviors in cigarette smokers. The participants were directed 

to complete a survey built on Qualtrics platform, where a security option was enabled to 

prevent multiple submissions. Inclusion criteria for this study were 1) age of 21 years or 

older, 2) using a computer with an IP address in the United States, 3) previous MTurk 

approval HIT rates of at least 90%, 4) self-reporting smoking more than 10 cigarettes 

per day, and 5) self-reporting drinking alcohol in the past year. This study was conducted 

between March and May of 2021. The demographics of the sample stratified by the number 

of quality check indexes failed are presented in Table S1. Note that the demographic 

information from the low-quality survey responses may be less reliable.

The participants were compensated with $2 and a bonus of up to $1.5 contingent on their 

performance on the three response quality indexes in the study ($0.5 for passing each). The 

study was approved by the Institutional Review Board at Virginia Polytechnic Institute and 

State University.

Study Measures

Delay discounting.—A binary choice task in which participants made choices between 

receiving a smaller, immediate and a larger, delayed amount of hypothetical money with an 

adjusting-amount procedure was used to establish individual DD functions (Du et al., 2002). 

Each participant was studied at each of seven delays in increasing order: 1 day, 1 week, 1 

month, 3 months, 1 year, 5 years, 25 years. For each delay, participants made six consecutive 

choices where the first choice was always between an immediate $500 and a delayed $1000 

(e.g., $500 now vs. $1000 in 1 month). If the participant chose the immediate reward, then 

its amount was reduced on the next choice trial (e.g., $250 now vs. $1000 in 1 month). If 

the participant chose the delayed reward, then the immediate amount was increased (e.g., 

$750 now vs. $1000 in 1 month). The size of the adjustment after the first choice trial was 

$250, and on each subsequent choice trial, the adjustment was half the amount of the prior 

adjustment (e.g., $62.5 on the third trial), regardless of whether the participant chose the 
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immediate or the delayed reward. The amount that would have been used for the immediate 

reward on a seventh choice was taken as an estimate of the subjective value (indifference 

point) of the delayed reward.

Two independent measures based on the algorithms developed in Johnson and Bickel 

(2008) were used to quantify individuals’ degree of nonsystematic DD. Specifically, the 

first measure was obtained by first subtracting the indifference points for all delays except 

for 25 years from the following indifference points (e.g., subtracting the indifferent point for 

1 month from that for 3 months) and then identifying the maximum (criterion 1). The second 

measure was obtained by subtracting the indifference point for 25 years from that for 1 day 

(criterion 2). Both measures were normalized by dividing by 1000 and ranged between 0 and 

1.

Quality check indexes.—Five questions were used to form three independent indexes to 

check response quality. Index-one comprised two questions; the first question was placed at 

the front of the survey asking participants to report the number of cigarettes they smoked 

per day, and the second question was placed near the end asking them to select one of 

the number ranges in which their daily use of cigarettes fell within. Forty-nine participants 

(23%) provided inconsistent information across the two questions and failed this index. 

Index-two was built on a multiple-choice question placed after the choice task. The question 

asked participants to choose the option that best describes the task they just performed. 

Fifty-six participants (27%) answered incorrectly to the question and failed this index. 

Index-three comprised two questions placed adjacently in the middle of the survey; the first 

and the second questions asked the participants to select one of the number ranges in which 

their individual and household income fell within, respectively. Fourteen participants (7%) 

reported individual income greater than household income and failed this index. Overall, 

125 out of 210 participants passed all three quality check indexes. Of the remaining, 54, 28, 

and 3 participants failed one, two, and all three indices, respectively.

Procedure

After providing consent to participate in the study, participants answered a series of 

screening questions including the history of substance use to determine their eligibility. 

Those who were eligible proceeded to complete two behavioral choice tasks (i.e., DD and 

a behavioral choice task under development) in a randomized order. After the choice tasks, 

the participants answered a series of questions regarding their demographics and smoking 

behaviors. Upon completion, they were given a passcode to submit the task. On average, 

participants spent 15 minutes completing the study.

Statistical Analysis

First, two separate labels of low-quality survey responses were given to the participants 

who failed one or more and who failed two or more quality check indexes, respectively. 

These labels allowed the investigation of the change in the outcome measures when different 

criteria were used to determine low-quality survey responses. The relationship between 

nonsystematic DD and low-quality survey responses, indicated by the labels, was examined 

using ROC curve analysis, in which the area under the curve (AUC), sensitivity, and 
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specificity were calculated. The maximum value of the AUC is 1.0, which indicates a perfect 

relationship (i.e., 100% sensitive and 100% specific in predicting low-quality responses). 

An AUC value of 0.5 indicates the discriminative value is no better than chance (i.e., 50% 

sensitive and 50% specific). Second, following the ROC curve analysis, the observed AUCs 

were statistically tested. Specifically, a new set of data was created by randomly shuffling 

the labels of low-quality responses, thereby, the labels no longer indicate whether the 

participants failed the quality check indexes. Then a ROC curve for each nonsystematic DD 

measure was constructed to derive a value of AUC. The process was repeated 10,000 times 

to form AUC distributions that reflect the null hypothesis that the observed associations are 

due to chance. The probability level of significance 0.05 was used to test whether the AUC 

derived from the observed data is statistically different from the null distribution. Finally, 

the sensitivity and the specificity in detecting low-quality survey responses by the cutoffs in 

Johnson and Bickel (2008) for determining nonsystematic DD were examined.

Transparency and Openness

We reported how we determined our sample size, all data exclusions (no exclusions), all 

manipulations (no manipulations), and all measures in the study, and we followed JARS 

(Kazak, 2018). All data, analysis code, and research materials are available by emailing the 

corresponding author. Data were analyzed and graphed using R, version 4.0.3 (R Core Team, 

2020), the package ggplot2, version 3.3.5 (Wickham, 2016), and the package ROCR, version 

1.0 (Sing et al., 2005). This study’s design and analyses were not pre-registered.

Results

Among the participants, 85 and 31 failed one or more and two or more quality check 

indexes, respectively, and were labeled as providing low-quality survey responses. The 

results of ROC curve analysis showed nonsystematic DD was predictive of these low-quality 

response labels (Figure 1A). Specifically, the AUCs of nonsystematic DD measured either 

by Criterion 1 (0.77–0.81) or Criterion 2 (0.80–0.81) are all above 0.5. No apparent 

differences between the performance of criterion 1 and criterion 2 and the performance 

in predicting the two low-quality response labels were observed.

Following the ROC curve analysis, permutation tests were conducted to statistically test the 

significance of the observed AUC. As may be seen in Figure 1B, which presents the null 

distributions in which the labels have no relation to the quality of responses, the AUC values 

are centered on 0.5. All observed AUC values are at the extreme of the distributions (ps = 

.0001), suggesting that the observed associations are unlikely due to chance.

The numbers of participants who failed the cutoffs in Johnson and Bickel (2008) are 

presented in Table S2. The sensitivity and specificity in detecting low-quality responses 

using these cutoffs are summarized in Table 1. Overall, the sensitivity (0.77–0.93) is greater 

than the specificity (0.42–0.74). That is, the cutoffs have greater accuracy in identifying 

participants who provide low-quality data than in discriminating participants who provide 

acceptable quality of data from those who do not.
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Discussion

This study investigated the relationship between data quality and nonsystematic responding 

on a DD task, defined by the criteria in Johnson and Bickel (2008), in a sample of 

individuals who reported daily cigarette use. We found that the two nonsystematic DD 

criteria predicted low-quality responses better than chance, with no noticeable differences 

in predictive ability between criterion 1 and criterion 2. The relevance of these findings is 

discussed below.

In the current sample of individuals reporting daily cigarette use, a large proportion of 

participants (40.5%) provided low-quality data. A recent study conducted on MTurk in 

September 2020, which investigated DD in individuals meeting criteria for alcohol use 

disorder (AUD), reported a similar finding in that 23.7% of participants failed a simple 

attention check (i.e., “would you prefer $0 now or $1,000 now?”; Craft et al. 2022). 

Taken together, this work provides empirical evidence that data quality concerns on MTurk 

continue to persist in multiple addiction-relevant samples. In light of our present findings, 

researchers conducting crowdsourced investigations in substance-using samples on MTturk 

should feel comfortable excluding a significant proportion of their data if evidence of low-

quality responding is apparent. Nevertheless, screening out participants likely to generate 

low-quality data prior to a study by implementing a separate screener at the front is 

preferable to excluding data post-hoc.

A key finding of this study is that nonsystematic responding during a DD task was 

a predictor of low-quality data across three independent quality check indexes (i.e., 

reporting daily cigarette usage with consistency; describing a choice task accurately; 

reporting individual and household income with consistency). A previous investigation in 

AUD reported that nonsystematic DD data was similar to randomly generated data on 

multiple metrics (Craft et al. 2022). The current finding supports the connection between 

nonsystematic DD and low-quality data. Furthermore, given the types of quality check 

indexes utilized in this study, the results suggest inattention and misrepresentation are 

among the factors contributing to nonsystematic performance. These findings provide 

justification for researchers to exclude responses with nonsystematic DD. Nonetheless, other 

variables that may contribute to nonsystematic DD have been noted (e.g., episodically 

thinking of a specific event at a particular delay; for a discussion, see Rung et al., 

2018). Researchers should remain cautious about removing nonsystematic DD responses, 

particularly when a variable of study interest might be a contributing factor.

Finally, our analyses highlighted the high sensitivity of the cutoffs proposed in Johnson 

and Bickel (2008) to identify low-quality data as well as low-moderate specificity in 

discriminating between high and low-quality responses. While the use of Johnson and 

Bickel’s (2008) standardized criteria has been criticized as a method to remove data that 

does not conform to a particular DD model (Bailey et al., 2021), this investigation supports 

the hypothesis that nonsystematic DD responding may represent orthogonal behavior that 

is unrelated to DD and should therefore be excluded from analyses. To improve specificity, 

combining Johnson and Bickel’s criteria with other data quality check methods to exclude 

responses is recommended. To be noted, the outcome of the current finding may be 
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influenced by the parameters of the discounting task (e.g., the longest delay for the larger 

reward). Further investigation with different discounting parameters across diverse samples 

is needed to establish the utility of using nonsystematic DD as a measure of data quality.

Limitations

We acknowledge a few potential limitations of the present study. First, this study was a 

secondary data analysis and only included individuals who reported daily cigarette smoking, 

and therefore, the generalizability of the findings to the broader population and individuals 

using other types of substances is unknown. However, similar findings in individuals with 

AUD suggest our results could be part of a broader phenomenon (Craft et al. 2022). Second, 

the quality check indexes used in this study were arbitrary. Whether including other quality 

check methods would change the results is unclear, although using different cutoffs for 

determining low-quality responses (i.e., failing one or more; failing two or more) did not 

change the results in our analysis. Notice, the current sample asked for a HIT approval rate 

of at least 90% instead of a commonly recommended 95%, which likely contributes to the 

high percentage of poor quality data (e.g., Chandler & Shapiro, 2016). Replication with a 

sample using different inclusion criteria (e.g., HIT approval rate ≥ 95%) and quality control 

methods that are commonly used is needed to establish the reliability of the current finding. 

Finally, as noted in the discussion, the sensitivity and specificity of the cutoffs proposed in 

Johnson and Bickel (2008) should be interpreted with caution. The results only applied to 

the DD task in which the larger, delayed reward was fixed at $1000, and the shortest and the 

longest delays are 1 day and 25 years, respectively.

Conclusion

Low-quality data continues to be present in addiction-relevant samples on the MTurk 

platform as of 2021. We demonstrated that nonsystematic DD was able to identify low-

quality responses defined by failing one or more independent quality check indexes. 

Our results support the use of the criteria outlined in Johnson and Bickel (2008) as 

a scientifically rigorous method to identify and remove questionable data. The cutoffs 

proposed in their work showed high sensitivity in identifying low-quality responses with 

low-moderate specificity in discriminating high from low-quality responses. Together, the 

findings showed that nonsystematic DD was associated with low-quality responses, although 

other factors contributing to the nonsystematic responses remain to be identified.
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Public Significance Statement

Individuals typically discount future rewards as the delays of their receipt increase, 

which is known as delay discounting. We found participants who did not show delay 

discounting were more likely to provide low-quality responses. Our study supports 

using the standardized criteria to identify and remove unsystematic delay discounting 

data for research investigating maladaptive health behaviors with the delay discounting 

framework.
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Figure 1. Examining the association between nonsystematic delay discounting and low-quality 
responses by the ROC curve analysis followed by a permutation test
Note. A. The ROC curve analysis predicting low-quality responses by nonsystematic delay 

discounting. The low-quality responses are defined by failing one or more and failing two or 

more quality checks for the left and the right panels, respectively. The solid line indicates the 

AUC of nonsystematic delay discounting measured by Criterion 1; The dotted line indicates 

the AUC of nonsystematic delay discounting measured by Criterion 2. B. The observed 

AUC against a null distribution constructed by a permutation test. The dashed line indicates 

the observed AUC in which the labels were given to the participants who failed one or more 

quality checks.
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Table 1

The sensitivity and specificity in detecting low-quality responses using the cutoffs in Johnson and Bickel 

(2008)

Criterion 1 (cutoff = 20%) Criterion 2 (cutoff = 10%)

Failed one or more Failed two or more Failed one more Failed two or more

Sensitivity 0.888 0.771 0.928 0.832

Specificity 0.588 0.742 0.424 0.484
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