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Income Prediction Bias in the Gig Economy

Abstract
[bookmark: _Hlk128750390][bookmark: _Hlk204350991]Sound financial decision-making requires accurately forecasting future earnings. However, the rise of the gig economy means an increasing number of people have volatile income, which may make predicting it more difficult. Across four longitudinal studies conducted with ride-hail and food delivery app workers, we find evidence of an income prediction bias in which people overpredict their future earnings. The bias emerges whether a person has ample or minimal gig experience, whether the gig is their primary or secondary income source, and whether they have high or low propensity to plan their finances. The bias is associated with a novel form of planning fallacy in which people overpredict how many hours they will work at their gig, but hourly wage predictions are fairly accurate. Finally, the bias is reduced by nudging people to consider relevant experience when predicting future income, but not by considering atypical outcomes. 
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In recent years, income volatility has increased for millions of people around the world (Fulford et al. 2024, Dynan 2012, Hipp et al. 2015, Wang-Ly and Newell 2024). This instability is linked to negative outcomes for financial, psychological, and physical health (Habel, Alavi, and Linsenmayer 2021, PEW 2017, Salisbury et al. 2023, Zhang and Sussman 2024), raising urgent questions about how people will navigate an increasingly uncertain financial future. In this paper, we provide evidence that people facing income volatility are subject to an income prediction bias in which they systematically overpredict their income for the next week or month, as compared to the amount they subsequently earn. We also explore why this bias occurs, and we evaluate behavioral interventions to reduce it. 
One reason income volatility is becoming more common is the rise of the gig economy, which involves temporary, freelance, or on-demand work (Hershfield, Shu, and Benartzi 2020, Ludwig et al. 2022). Paradigmatic gigs include driving for apps like Uber and delivering food for apps like DoorDash, but platforms like Fiverr, Upwork, and Task Rabbit make gig work possible in industries as diverse as accounting, computer science, home repair, and healthcare. Globally, more than 1.1 billion people work in the gig economy (Zgola 2021), and aggregate gig income in the United States alone exceeds $1.6 trillion annually (Ozimek 2021). 
One defining characteristic of gig work is that both the output (income) and input (time commitment) can fluctuate from task-to-task, making them inherently uncertain and potentially difficult to predict. This makes gig work a natural setting for studying income predictions ‘in the wild,’ where people might mis-predict their income because they mis-predict their hours, wages, or both. Furthermore, gig workers tend to be financially vulnerable (Zipperer et al. 2022), and income overprediction can exacerbate this vulnerability. For example, when someone makes a budgeting or spending decision based on an income prediction that is higher than what they end up earning, they may spend more than they can afford, depleting their savings or incurring debt to make up the difference (Hershfield et al. 2015, Lukas and Howard 2023). Thus, given that gig workers already suffer from insufficient savings and high-interest debt (Commonwealth 2022), they stand to benefit from an intervention that improves their income prediction accuracy.
Data from four longitudinal field studies conducted with real gig workers reveal the following insights: First, the gig workers in our studies typically over-predict their gig income for the next week or month by more than 20%, as compared to the amount they end up earning. Moreover, income overprediction is surprisingly robust, occurring whether someone has ample or minimal gig experience, whether the gig is their primary or secondary income source, and whether they have high or low propensity to plan their finances. The fact that income overprediction is common across such heterogeneous groups suggests it may be a wide-spread phenomenon with broad implications for consumer financial budgeting and decision-making. 
Second, we find that income prediction bias is associated with a novel form of planning fallacy in which people over-predict the number of hours they will work at their gig, even when they have relevant personal experience to draw on when making their prediction. In contrast, predicted hourly wages are fairly accurate, and if anything, lean toward under-prediction. This suggests that income prediction bias may not be driven by overconfidence or general optimism, as some ostensibly related judgments are (Sharot 2011, Ülkümen, Thomas, and Morwitz 2008)—if it was, then expected wages would be unrealistically high too. This also implies that legislation to increase gig economy wage transparency (e.g., Colorado SB24-075) will not necessarily make gig income easier to predict. Indeed, our studies indicate that even when gig workers know how much money they will earn per hour, they may still overpredict their total gig income for the next week or month because they overpredict how many hours they will work.
Finally, we show that income prediction bias is reduced by prompting people to base their predicted income on their average past income, but not by encouraging them to consider atypical outcomes. Importantly, the successful intervention works by significantly lowering predicted earnings but not actual earnings. This indicates that overprediction is not an adaptive, motivational response to uncertain income in which optimistically high predictions lead to greater earnings than lower, more realistic predictions. It also shows that a low-cost, easy-to-scale intervention can make income easier to predict, without imposing a significant burden on either individuals or firms. In the remainder of this article, we present our research in the way it was developed: by first considering a research question, then presenting a study designed to examine it. 

Is There an Income Prediction Bias?
The question of whether gig workers display an income prediction bias is not a simple one to answer based on prior research and theory. To start, there are reasons to believe that income predictions may be quite accurate. For example, people may engage in “income targeting” and simply work for as long as it takes to hit their target (Camerer et al. 1997). Notably, this is encouraged by some gig companies who gamify their apps to keep people working for longer periods of time (Allon, Cohen, and Sinchaisri 2023). However, there are also reasons to believe that income predictions may be pessimistic, or too low. For example, gig workers can be prone to an “inertia” effect in which the longer they spend on shift the more likely they are to keep working (Allon et al. 2023). If people are unaware of this tendency when they predict their income, it could lead to income underprediction, given that longer shifts lead to higher earnings (Hall and Krueger 2018). Finally, there are reasons to believe that income predictions may be optimistic, by which we mean predicted income for the next week or month will be greater than the actual amount earned during that time. For example, people make optimistic financial predictions in domains that are ostensibly related to income, such as spending and savings (Koehler et al. 2011, Ülkümen et al. 2008). Similarly, individuals’ time predictions are subject to a “planning fallacy” in which they optimistically predict their task completion times (Buehler et al. 1994; Kahneman & Tversky, 1977). This is relevant to income prediction in the gig economy, which requires predicting how many hours one will work. 
[bookmark: _Hlk169250166]Given the competing hypotheses implied by extant research, we next present a preliminary study that examines whether there is an income prediction bias, and if so, in what direction.

Study 1: The App Study

Method 
We conducted this preregistered study (https://aspredicted.org/B7M_4DH) in partnership with a boutique ride-hail app in a major North American city that operates as a local competitor to services like Uber and Lyft. The materials, data, syntax, and output files for all of our studies are available here: https://osf.io/69xwq/?view_only=b10b86b610ad41c08bcc10b7caca0d16. For brevity, we detail most exploratory measures and analyses in the Supplementary Information (SI).
[bookmark: _Hlk121860807]We recruited participants for this study through the direct messenger system used by the app, offering their drivers $25 in exchange for completing two surveys. The first survey was completed immediately, at the start of February 2022, and the second survey was completed one month later, at the start of March. At the time of the study, the app had 88 active drivers, all of whom were sent our recruitment message. Forty-nine drivers participated in the first survey, and thirty-nine of those who participated in the first survey also participated in the second. The drivers who participated in at least one survey did not differ significantly from those who did not participate in either survey in terms of the variables we could observe for both groups, which were gender (95% of participants were male and 100% of non-participants were male; Ӽ(1) = 1.73, p = .19, ϕ = 0.15), age (Mparticipants = 42.57, SDparticipants = 11.04, Mnon-participants = 43.74, SDnon-participants = 7.90, t(75) = -0.52, p = .61, d = 0.12), and number of days since downloading the app (Mparticipants = 445.20, SDparticipants = 132.50, Mnon-participants = 446.60, SDnon-participants = 123.30, t(86) = -0.05, p = .96, d = .01).
	In the first survey, we asked participants to predict their gig income for the next week, as follows:
Please take some time to estimate the total amount of money you will earn driving for [company name] in the next week.	
How much money do you estimate you will earn (in total) driving for [company name] in the next week? [Free response text box.]
Participants then predicted their gig income for the next month, following the same instructions as above but with ‘month’ in place of ‘week’. We then asked:
In the following question, "total income" refers to the income you earned driving for [company name] plus the income you earned from all other jobs that you worked.
Over the past eight weeks, what percentage of your total income did you earn driving for [company name]? (0-10%, 11-20%, 21-30%, … , 91-100%)
We collected this measure to explore its relationship with income prediction bias, following the logic that when a gig is someone’s primary income source, they may be more motivated to imagine higher earnings and therefore overpredict, as compared to when a gig is their secondary income source. Finally, we measured gig experience by asking participants “How long have you been driving for [company name]?” (Less than one month; 1 to 3 months; 4 to 6 months; 7 to 9 months; 10 to 12 months; more than 12 months.) We collected this measure to explore its relationship with the bias, following the logic that experienced drivers may learn to anticipate income flows over time, and therefore be less likely to overpredict than inexperienced drivers.
The second survey was sent to participants one month after the first. It included the same weekly and monthly prediction measures as the first survey so we could determine whether prediction accuracy improves over time. One month after the second survey was fielded, the app provided us with each driver’s actual earnings over the course of the study so we could measure income prediction bias, which we define as predicted income minus actual income.[footnoteRef:1] [1:  As per our preregistration, we also intended to compare participants predicted hours to the number of hours they ended up working, as recorded by the app. However, at the conclusion of the study, the app was only able to provide us with drivers’ earnings, and not the amount of time they worked. Therefore, our analysis in this study focuses on income prediction bias, and we address the question of whether people can accurately predict their gig hours and hourly wage in subsequent studies.] 


Results
Weekly income prediction bias. As seen in Figure 1A, participants overpredicted their income for the first week of February (“Week 1”) by an average of $132.07 or 28.3%, as revealed by a paired-samples t-test (Mpredicted_income = $466.94, SD = 468.71; Mactual_income = $334.87, SD = 403.56; t(48) = 4.01, p < .001, d = .57). Moreover, the bias was prevalent: 75.5% of participants overpredicted to at least some extent, and 53.1% of participants overpredicted by $100 or more. One month later, participants also overpredicted their income for the first week of March (“Week 2”), by an average of $118.36 or 22.2% (Mpredicted_income = $533.59, SD = 540.57; Mactual_income = $415.23, SD = 480.54; t(38) = 2.25, p = .030, d = .36). This time, 69.2% of participants overpredicted to at least some extent, and 46.2% overpredicted by $100 or more. Among the participants who completed the weekly prediction measures in both surveys, prediction accuracy did not significantly improve over time (t(38) = 0.23, p = .82, d = .04). 
[image: ]
Notes. Bars show means, dots show individual datapoints, and beans represent the smoothed density of the data distribution. “Week 1” refers to the first week of February and “Week 2” to the first week of March.

	
Monthly income prediction bias. As seen in Figure 1B, participants overpredicted their income for February by an average of $347.43 or 20.1% (Mpredicted_income = $1724.52, SD = 1828.31; Mactual_income = $1377.09, SD = 1722.71; t(47) = 2.96, p = .005, d = .43), and the bias was once again prevalent: 66.7% of participants overpredicted to at least some extent, and 54.2% of participants overpredicted by $300 or more. One month later, participants overpredicted their income for March by an average of $610.57 or 27.8% (Mpredicted_income = $2197.37, SD = 2139.27; Mactual_income = $1586.80, SD = 1892.31; t(37) = 3.18, p = .003, d = .52). This time, 81.6% of participants overpredicted to at least some extent, and 60.5% overpredicted by more than $300. Among the participants who completed the monthly prediction measures in both surveys, prediction accuracy deteriorated somewhat over time (t(37) = -.2.03, p = .050, d = -.33). 
[image: A graph of a graph showing the amount of income in the month]
[bookmark: _Hlk204341881]Notes. Bars show means, dots show individual datapoints, and beans represent the smoothed density of the data distribution. ‘Month 1’ is February, and ‘Month 2’ is March.

Individual differences. To explore if income prediction bias is associated with gig experience or the percentage of total income a person earns from their gig, we produced the correlation matrix seen in Table 1. First, experience is not significantly correlated with predicted income, actual income earned, or income prediction bias for any of the four time periods we collected these measures.[footnoteRef:2] This latter result suggests that experienced gig workers fail to incorporate what they’ve learned about their gig income flows in the past when they predict their gig income for the future, which is consistent with the possibility that income prediction bias represents a novel form of planning fallacy. Second, percentage of total income earned from the app is correlated with both predicted income and actual income earned, and thus it is not significantly correlated with income prediction bias scores.[footnoteRef:3] One interpretation of this result is that the bias is not driven by motivated reasoning, such that a stronger (vs weaker) motivation to earn leads to higher predicted income but not higher actual income (cf. Peetz and Buehler 2009).  [2:  To be consistent with our other income prediction bias analyses the correlations in this matrix were calculated using raw bias scores (i.e., predicted income – actual income earned). Using percentage bias scores (i.e., [predicted income – actual income earned]/actual income earned]) produces the following correlations between experience and bias scores: Week 1: r(32) = .11, p = .55; Month 1: r(34) = .09, p = .60; Week 2: r(28) = -.24, p = .20; Month 2: r(30) = .06, p = .75.]  [3:  Using percentage bias scores produces the following correlations between % of total gig income and bias scores: Week 1: r(32) = .22, p = .22; Month 1: r(34) = 0.22, p = .20; Week 2: r(28) = -.12, p = .53; Month 2: r(30) = -.04, p = .81.] 


Table 1. Study 1 Correlation Matrix
[image: ]
Notes. *p < 0.05. **p < 0.01. a Corresponds to approximately one year of experience. 
b Corresponds to earning 30% to 40% of total income from the gig.
Discussion
Study 1 provides preliminary evidence that gig workers display an income prediction bias in which they overpredict their gig income. Moreover, we find that the magnitude of the bias in this sample is large enough to be economically meaningful for many people, and that the bias is both prevalent and persistent over time. Finally, we observe that the bias is not significantly correlated with gig experience or the percentage of total income a person earns from their gig. Supplemental study 1 (S1), which is detailed in the SI, conceptually replicates each of these findings with a sample of Uber drivers. Next, we discuss two factors that may contribute to income overprediction. 

Hours vs Hourly Wage
[bookmark: _Hlk132559814][bookmark: _Hlk132559828]Income prediction bias is almost certainly multiply determined, as are other related biases (Buehler, Griffin, and Peetz 2010). Here, we examine two possible sources of bias. The first is that people overpredict their income because they overpredict the number of hours they will work at their gig. When people make predictions, they often fail to consider all possible outcomes (Buehler et al. 2010, Howard et al. 2022). For instance, when predicting task completion times, people do not think of life events that might interfere with their ability to complete the task as planned. Rather, they focus solely on the plan itself, and what steps it will take to complete the task successfully (Buehler et al. 1994, Kahneman and Tversky 1977). In the context of income prediction, this suggests that people may fail to consider life events that could prevent them from working as much as planned. For example, when predicting future income, an Uber driver might not consider the possibility that their car will need repairs, which would prevent them from working as much as they anticipated. 
[bookmark: _Hlk132559845][bookmark: _Hlk132559857][bookmark: _Hlk132559885]A second potential cause of income prediction bias is that people overpredict their hourly wage. People tend to be overconfident in their abilities (West and Stanovich 1997), and overconfidence is one driver of optimistic financial predictions (Piehlmaier 2022, Ülkümen et al. 2008). If predicted hourly wage is at least partly a function of perceived ability, it stands to reason that people might overpredict their total income because they overpredict their hourly wage. Continuing the Uber driver example above, it is possible that this person overpredicts their gig income in part because they are overconfident in their ability to earn a higher-than-average hourly wage, perhaps by completing more trips than usual, or by earning higher tips than usual. A second possibility that could lead to hourly wage overprediction is a generalized optimism bias in which people over-optimistically forecast almost everything (Sharot 2011). Therefore, if income prediction bias is driven primarily by overconfidence or general optimism, we would expect people to overpredict their hourly wages. However, we believe this is likely not the case. Although people do tend to miss deadlines by failing to account for life events that interrupt their plans for success, they are more proficient at predicting “time on task” (Buehler et al. 2010), meaning they have an accurate sense of how much they can accomplish with each hour of work they do. Translated to the context of income prediction, this suggests that hourly wage estimates may not deviate much from actual outcomes. Study 2 tests these possibilities.

Study 2: Income, Hours, and Hourly Wage
[bookmark: _Hlk188786548]
Method
We recruited US and Canadian residents who deliver food for apps such as Door Dash by placing advertisements in reddit.com communities that app-based food delivery drivers use to communicate with each other (see SI for details). Our ads invited drivers to participate in a two-stage survey about working in the gig economy in exchange for a $10 Amazon.com gift certificate and a chance to win $250. Eighty-five participants completed the first survey (Mage = 30.4, 24.7% female) and forty-seven (55.3%) completed the second survey (Mage = 29.9, 23.4% female). 
The first survey was completed immediately after participants responded to the recruitment ad. It asked participants to indicate which food delivery apps they currently work for, then predict their gig income, hours, and hourly wage for the next week. The second survey was sent to participants one week later, and it asked them to log into the relevant employment apps and report their gig income and hours for the past week. This two-stage design allows us to measure participants’ prediction accuracy for their gig income, hours, and hourly wage, where the latter is measured by comparing predicted hourly wage to reported income divided by reported hours. This study also included the same measures of gig experience and percentage of total income earned from the gig as studies 1 and S1, as well as a binary measure of whether food delivery is a person’s primary or secondary source of income (“Is delivering food currently your primary job (i.e., the job from which you earn most of your income) or secondary job (i.e., a job from which you earn "extra" income)?” Yes/No.) Because our focal hypothesis concerns prediction accuracy, all analyses were performed using data from participants who completed both surveys.

Results
Bias scores. As seen in Figure 2, participants overpredicted their gig income by 19.9% or $63.52 (Mpredicted_income = $382.13, 95% CI = [302.99, 461.26]; Mactual_income = $318.61, 95% CI = [246.13, 391.09]; t(46) = 2.56, p = .014, d = .37). This conceptually replicates the core finding of studies 1 and S1 with a sample drawn from a different gig population. Participants in this study also overpredicted their gig hours by 21.6% (Mpredicted_hours = 23.00, 95% CI = [19.29, 26.71]; Mactual_hours = 18.92, 95% CI = [14.80, 23.03];  t(46) = 3.43, p = .001, d = .50). However, predicted hourly wage did not differ significantly from actual hourly wage (Mpredicted_hourly_wage = $16.98, 95% CI = [15.41, 18.55]; Mactual_hourly_wage = $17.50, 95% CI = [15.53, 19.46]; t(45) = -.58, p = .56, d = -.09). 
[bookmark: _Hlk185188451][bookmark: _Hlk66980721]Figure 2. Study 2 Results 
[image: A graph of time and time]
Notes. Bars show averages, dots show individual datapoints, and beans represent the smoothed density of the data distribution.

Individual differences. As in study 1, gig experience (M = 3.81, SD = 2.00) was not significantly correlated with predicted income (r(45) = .09, p = .57), reported income (r(45) = .-.06, p = .69), income prediction bias scores (r(45) = .22, p = .13), or percentage income prediction bias scores (r(45) = .23, p = .13.) Also echoing study 1, the percentage of total income participants generally earn from food delivery (M = 5.70, SD = 3.71) was positively correlated with predicted income (r(45) = .47, p < .001) and reported income (r(45) = .50, p < .001), but not with income prediction bias scores (r(45) = .02, p = .91) or percentage income prediction bias scores (r(45) = -.19, p = .20.) A repeated measures ANOVA with job category (primary vs secondary) as a between-subjects variable and income (predicted vs reported) as a within-subjects variable revealed a main effect of income (F(1, 45) = 5.88, p = .019, ηp2 = .116, Mpredicted_income = $391.38, CI95% = [312.60, 470.16], Mreported_income = $330.18, CI95% = [259.80, 400.57]), and a marginally significant effect of job category (F(1, 45) = 4.02, p = .051, ηp2 = .082, Mprimary = $430.70, CI95% = [324.21, 537.19], Msecondary = $290.87, CI95% = [199.22, 382.52]). However, the job category by income interaction was not significant (F(1, 45) = 0.38, p = .54, ηp2 = .008), indicating that both groups overpredicted their income.

Discussion
Study 2 shows further evidence of an income prediction bias and provides several additional insights regarding the nature of the bias. To begin, this study provides the first evidence that gig workers overpredict their gig hours but not their hourly wage. This suggests that income prediction bias may not be primarily driven by overconfidence or general optimism—if it was, then predicted wages should also be unrealistically high. Second, this study provides initial evidence that overpredicting income is associated with overpredicting hours, suggesting income prediction bias is the result of a novel type of planning fallacy. Third, this study offers additional evidence that income prediction bias is not meaningfully correlated with gig experience, which further suggests the bias is akin to a planning fallacy that is not reduced by learning about gig income flows over time. This study also shows that income prediction bias is not meaningfully correlated with the percentage of total income a person earns from their gig or whether it is their primary or secondary income source, which suggests the bias may not be principally driven by motivation. We next consider how income prediction bias might be reduced. 
Improving Prediction Accuracy
[bookmark: _Hlk70886373][bookmark: _Hlk70886907]When people make predictions, they tend to focus too narrowly on expected or typical outcomes (Buehler et al. 1994, Howard et al. 2022). Two solutions to this problem that have reduced prediction biases in related domains are: 1) prompting people to include their past experiences in their predictions, or 2) prompting people to consider atypical outcomes when formulating their predictions. One goal of the present research is to compare the effectiveness of these interventions in the context of income prediction.

Taking an Outside View
Our first intervention is derived from work on the classic planning fallacy in time prediction, which refers to the phenomenon that people underestimate their task completion times, even when they know similar tasks took longer than planned in the past (Kahneman and Tversky 1977). The original explanation for the planning fallacy is that when people make predictions, they tend to adopt an “inside view” in which they focus on plan-based scenarios that do not consider all the ways that such plans can go wrong. Accordingly, it has been shown that the planning fallacy can be reduced by prompting people to adopt an “outside view” in which their predictions are based on relevant experience (Buehler et al. 1994). 
[bookmark: _Hlk206688873]We propose that income prediction bias may also be reduced by taking an outside view. If, like time predictions, income predictions are biased due to plans that neglect possible obstacles to working as much and as successfully as expected, then prompting people to base their income predictions on past outcomes that reflect these obstacles should reduce the bias. We reasoned that one way to accomplish this is to have people consider their average past earnings while predicting their future earnings, because average earnings account for both good and bad weeks at work. Note that a nudge to consider average past earnings is a light-touch (low effort, low coercion) intervention, especially when compared to validated interventions used to reduce the planning fallacy in project completion, which typically involve enumerating past failures (e.g., Buehler et al, 1994) or mapping out the full distribution of comparable past projects (e.g., Flyvbjerg, 2006).

Considering Atypical Outcomes 
[bookmark: _Hlk70890465]Our second intervention is derived from work on expense misprediction. When consumers predict their future spending, their predictions are based on highly typical expenses such as groceries and rent, but not atypical expenses such as car repairs or home improvements (Sussman and Alter 2012). This leads people to underpredict their future spending, because in any given week or month most consumers will face at least some atypical expenses (Howard et al. 2022). Consistent with this analysis, expense prediction accuracy can be improved by prompting people to consider reasons why their expenses will be different than usual, because this helps people bring atypical expenses to mind and incorporate them into their predictions (Howard et al. 2022). 
Here, we test the possibility that this type of “atypical” intervention can also reduce income prediction bias. Specifically, we test whether income prediction bias can be decreased by prompting people to consider reasons why their work schedule might be different from a typical week. The logic underlying this intervention is that, in the context of income overprediction, deviations from a typical work schedule are asymmetric:  most “surprises” capture reasons why a person might work less than usual. For example, when a gig worker needs to stay home to care for a sick child or parent, they will work fewer hours and income will go down. In contrast, there are relatively few surprises that lead a gig worker to have more time to work than usual. Thus, accounting for atypical experiences may reduce the tendency to overpredict future income. Study 3 tests the effectiveness of our outside view and atypical interventions.

Study 3: Improving Prediction Accuracy

Method
This study was preregistered on aspredicted.org (https://aspredicted.org/blind.php?x=nu8j4c). We recruited food delivery app workers to a two-stage study via reddit.com advertisements (as in study 2) until six hundred people had completed both stages. Demographics are reported in the SI. 
	In the first survey, all participants were asked to indicate which food delivery apps they currently work for, as in study 2. They were then randomly assigned to predict their gig income for the next week in one of three conditions. Participants in the control condition predicted their income as in study 2. Participants in the outside view condition were asked to “Please take some time to estimate the total amount of money you have earned working for food delivery apps over the past four weeks. How much money do you estimate you have earned (in total) working for food delivery apps over the past four weeks? (Page break.) Over the past 4 weeks you estimate you have earned $XX per week working for food delivery apps. Based on that experience, how much money do you estimate you will earn working for food delivery apps in the next week?” The value of $XX was the participant’s answer to the preceding question divided by 4. We hypothesized that providing this anchor based on relevant experience would produce lower, more accurate predictions, because average past income accounts for both good and bad weeks at work. 
	Participants in the atypical condition were asked to “Please take some time to consider reasons why the number of hours you work for food delivery apps in the next week might be different than usual. Please list 2 reasons why the number of hours you work for food delivery apps in the next week might be different than usual. [Page break.] Keeping in mind your answer to the previous question, how much money do you estimate you will earn (in total) working for food delivery apps in the next week?” We hypothesized this ‘atypical’ intervention would improve income prediction accuracy based on the assumption that deviations from a typical work schedule will usually capture reasons why a person might work less than usual. If so, this should lead to lower income predictions (versus control) and therefore reduce the bias.
[bookmark: _Hlk133158756]	After predicting their gig income for the next week, all participants predicted their gig hours. In this study, we calculated predicted hourly wage as predicted income divided by predicted hours because our explicit measure of predicted hourly wage in study 2 did not differ significantly from simply dividing predicted income by predicted hours. Data from four participants whose predicted hourly wage was more than three standard deviations (SD = 9.54) above the sample mean (M = $15.70) were excluded from all analyses, because they represent highly implausible wages in this context that likely stem from typos (e.g., typing $1,500 for weekly income instead of $150). This exclusion criterion was not preregistered, so as a robustness test, we present a non-parametric analysis in the SI that confirms the difference between the median income prediction bias in each condition remains significant even with the inclusion of these outliers. The second survey, sent one week after the first, asked participants to check each relevant app and report the following information for the past week: (a) which food delivery apps they had worked for, (b) how much money they had earned (in total) working for food delivery apps, and (c) how many hours (in total) they had worked for food delivery apps. The surveys in this study also measured gig experience and percentage of total income earned from the gig (as in studies 1 and 2), as well as short term financial propensity to plan (Lynch et al. 2010). We collected these measures to explore (a) if they are correlated with bias scores in the control condition, and (b) examine treatment effect heterogeneity by determining if they moderate the effect of our interventions on bias scores.  

Results
[bookmark: _Hlk133156938]Figure 3 plots mean predicted income versus mean actual income in each condition of study 3. To test the effect of the interventions on income prediction accuracy, we conducted a preregistered 3 (condition: control vs. outside view vs. atypical) × 2 (income: predicted vs. actual) mixed-model ANOVA with condition as a between-subjects variable and income as a within-subject variable. The model revealed a significant main effect of predicted vs actual income (F(1, 593) = 71.10, p < .001, ηp2 = .107), a non-significant main effect of condition (F(2, 593) = 1.80, p = .17, ηp2 = .006), and a significant condition by income interaction (F(2, 593) = 4.07, p = .018, ηp2 = .014). Replicating our previous studies, participants in the control condition overpredicted their weekly income by $66.42 or 25.2% (F(1, 593) = 30.18, p < .001, ηp2 = .048).[footnoteRef:4] However, income overprediction dropped to $30.83 or 12.5% among participants in the outside view condition (F(1, 593) = 7.65, p = .006, ηp2 = .013). Thus, the outside view intervention reduced the bias by $35.59 or 53.6% versus control (t(403) = 2.20, p = .029, d = .22). Contrary to expectations, the atypical intervention did not reduce the bias. Participants in the atypical condition overpredicted their income by $74.07 or 28.2% (F(1, 593) = 38.53, p < .001, ηp2 = .061), and the magnitude of the bias did not differ significantly between the control and atypical conditions (t(375) = 0.45, p = .65, d = .05).  [4:  Further replicating study 2, participants in the control condition of study 3 also overpredicted the number of hours they would work at their gig by 42.2% (Mpredicted_hours = 22.14, SD = 14.37; Mactual_hours = 15.57, SD = 12.36; t(185) = 8.48, p < .001, d = .62), but their expected hourly wage was relatively accurate or even slightly pessimistic, as compared to the hourly wage they ended up earning (Mpredicted_hourly_wage = $15.77, SD = 7.06; Mactual_hourly_wage = $16.48, SD = 8.84; t(185) = -1.19, p = .24, d = -.09).] 

[bookmark: _Hlk184933771]	Planned contrasts confirmed that predicted income was significantly lower in the outside view condition (M = $278.22, SD = 233.82) than in the control condition (M = $329.83, SD = 230.28, t(403) = 2.23, p = .026, d = .22) and atypical condition (M = $336.66, SD = 236.39, t(408) = 2.51, p = .012, d = .25), and that predicted income in the control and atypical conditions did not differ significantly (t(375) = 0.28, p = .77, d = .03). Planned contrasts also confirmed that actual income earned in the outside view condition (M = $247.39, SD = 252.01) did not differ significantly from actual income earned in the control condition (M = $263.41, SD = 225.63, t(403) = 0.67, p = .50, d = .07) or atypical condition (M = $262.60, SD = 227.78, t(408) = 0.64, p = .52, d = .06), nor did actual income earned in the control and atypical conditions differ significantly (t(375) = 0.04,  p= .97, d = .00). Thus, importantly, the outside view intervention reduced income prediction bias by producing lower income predictions without significantly lowering actual income earned. 
[bookmark: _Hlk184933821][image: A graph of a graph with numbers and lines]
Notes. Bars show averages, dots show individual datapoints, and beans represent the smoothed density of the data distribution.


[bookmark: _Hlk206687072]	Individual differences. We created the correlation matrix seen in Table 2 using data from participants in the control condition so we could determine if the individual difference results in the preceding studies replicate in a larger sample. The only individual difference variable significantly correlated with income prediction bias is percentage of total income earned from the gig, but the size of the correlation is small (r(184) = .15, p = .044).[footnoteRef:5] Echoing the results of studies 1 and 2, this suggests that if motivation to earn is higher for people who earn a relatively large proportion of their total income from their gig, then motivated reasoning is unlikely to be a major determinant of the bias. The low correlations overall suggest that prediction accuracy does not improve with gig experience (consistent with studies 1 and 2) or short-term financial propensity to plan. This latter finding may be because a focus on plans does not improve prediction accuracy if plans neglect potential barriers to success (Buehler, Griffin, and Ross 1994).   [5:  The correlation between each individual difference measure and percentage income prediction bias scores is: r(184) =  .10, p = .19 for propensity to plan, r(184) =  .03, p = .69 for gig experience, and r(184) =  .11, p = .14 for % of total income from gig.] 


Table 2. Study 2 Control Condition Correlation Matrix
[image: ]
Notes. *Correlation is significant at the 0.05 level (2-tailed). **Correlation is significant at the 0.01 level (2-tailed).
	
	Treatment effect heterogeneity. To determine if the individual differences we measured in this study moderate the effect of the outside view intervention on bias scores, we next performed a set of pre-registered regression analyses in which we regressed bias scores onto a condition dummy variable (control = 0, outside view = 1), an individual difference variable, and a condition × individual difference interaction term. So, in our first regression we regressed bias scores onto condition, propensity to plan, and a condition × propensity to plan interaction term, in our second regression we replaced propensity to plan with gig experience, and in our third regression we replaced gig experience with percentage of total income earned from the gig. (Individual difference variables were mean centered.) As seen in Table 3, these regressions revealed that none of the individual differences we measured moderated the effect of the outside view intervention on bias scores versus control (p’s > .46). This is a potentially important finding for consumers and practitioners because it suggests that the outside view intervention may work equally well for a broad cross-section of consumers, including those who have high propensity to plan and those who do not, those with lots of gig experience and those with very little, and those who work at their gig full-time as well as those who work part-time. The same set of regressions using atypical = 1 (instead of outside view = 1) also did not yield any significant interactions (p’s > .11). Thus, in summary, the effectiveness of the interventions did not vary significantly across the individual differences that we measured in this study. 


Table 3. Study 3 Regression Results
[image: ]
Notes. *Coefficient is significant at the 0.05 level (2-tailed). The individual difference in each model is (1) short-term financial propensity to plan, (2) gig experience, and (3) percentage of total income earned from the gig. Standard errors in parentheses.


General Discussion
[bookmark: _Hlk167542300][bookmark: _Hlk195191492]We document an income prediction bias in which gig economy workers overpredict their gig income. We also provide two pieces of convergent evidence that the source of this bias is a novel form of planning fallacy. First, we show that overpredicting gig income is associated with overpredicting how many hours one will be able to work. This implies a planning fallacy is at play because optimistic time predictions are the defining characteristic of such fallacies (Kahneman and Tversky 1977). Importantly, though, overpredicting work hours differs from the classic planning fallacy because it connects the misprediction of time and money, and optimistic time predictions are typically conceptualized as underprediction rather than overprediction (Buehler et al. 2010). Second, we show that the income prediction bias persists over time and is not strongly correlated with gig experience. This indicates that people do not learn to make more accurate predictions even when they have relevant personal experience to draw on, which is a hallmark of the planning fallacy (Kahneman and Tversky 1977). These findings are descriptive, so future research is required to confirm causality. 
	We also show that hourly wage predictions are fairly accurate, and if anything, tend to be somewhat pessimistic. This implies that income prediction bias may not be driven by general overconfidence or general optimism, as some other biases are (Ülkümen et al. 2008, Sharot 2011)—if it were, then people would overpredict their hourly wages too. Additionally, we find that the correlation between income prediction bias and the percentage of total income earned from a gig is consistently small. Assuming that motivation to earn is higher for people who earn a relatively large proportion of their total income from their gig, this implies that motivated reasoning is unlikely to be a major determinant of the bias. Future research should conduct high-powered, confirmatory tests of these possibilities.
	Furthermore, we find that income prediction bias is reduced by considering average past earnings. The success of this outside view intervention is notable because it is an easy-to-scale nudge that is ‘light touch’ compared to other methods used to reduce the classic planning fallacy (e.g., Buehler et al, 1994; Flyvbjerg, 2006). Importantly, the outside view intervention works by significantly lowering predicted but not actual earnings. This shows that overprediction is not an adaptive response to uncertain income in which higher predictions lead to greater earnings than lower, more realistic predictions. Testing the efficacy of other potential interventions is a fruitful direction for future research.
The existence of an income prediction bias has broad implications for theories of financial decision-making. Budgeting is frequently conceptualized as a two-stage process in which people allocate their income to different budget categories, then track their spending in each category against their budget (Heath and Soll 1996, Lukas and Howard 2023; Thaler 1985). However, our work indicates that when income is volatile, a prior stage is required in which people must first predict their earnings. Moreover, income overprediction may help explain subsequent overspending, given that spending is often based on expected earnings (Gelman et al. 2014; Olafsson and Pagel 2018).
One benefit to working in the gig economy is that gig workers have more flexibility in their work schedule than those with more traditional jobs. However, our findings reveal this flexibility comes with a previously hidden cost: income that is difficult to predict accurately. Whether this cost outweighs the corresponding benefits remains to be seen, but if income overprediction leads to overspending, as seems likely, it may be the case that flexible work arrangements are financially disadvantageous for many people. 
[bookmark: _Hlk165974023][bookmark: _Hlk132561234]Finally, our work contributes to the debate regarding wage transparency in the gig economy. Some gig intermediaries have been accused of overstating how much money their (potential) workers can earn (Griswold 2014). Explicit deception is clearly unacceptable and should be prevented. However, our work indicates that even when people know exactly how much money they will earn on an hourly basis, they may still overpredict their total income because they overpredict how many hours they will work. This suggests that merely increasing wage transparency in the gig economy will not give people an accurate view of their potential earnings. Fortunately, behaviorally informed interventions such as taking an outside view can improve income prediction accuracy.
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Figure 1A. Mean Predicted and Actual Income in Weeks 1 and 2 of Study 1
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Figure 1B. Mean Predicted and Actual Income in Months 1 and 2 of Study 1
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Variable 

Category Variable   M   SD (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)

(1) Gig Experience 5.39

a

1.32

-

(2) % of total income from gig 4.15

b

3.49 -.20

**

-

(3) Predicted income $466.94  468.71 -.03

**

-.69**

-

(4) Earned income $334.86  403.56 -.02

**

-.64**-.87**

-

(5) Income Prediction Bias $132.07  230.76 -.09

**

-.28**-.51**-.02

**

-

(6) Predicted income $1,724.52  1828.31 -.02

**

-.71**-.97**-.86**-.44**

-

(7) Earned income $1,370.32  1705.33 -.03

**

-.69**-.88**-.95**-.12

**

-.90**

-

(8) Income Prediction Bias $347.43  814.28 -.12

**

-.15

**

-.26

**

-.09

**

-.70**-.35**-.10

**

-

(9) Predicted income $533.59  540.57 -.18

**

-.71**-.90**-.82**-.40**-.90**-.88**-.19

**

-

(10) Earned income $354.26  457.85 -.06

**

-.65**-.84**-.89**-.16

**

-.83**-.95**-.15

**

-.80**

-

(11) Income Prediction Bias $118.36  328.19 -.13

**

-.27

**

-.26

**

-.03

**

-.47**-.25

**

-.05

**

-.47**-.48**-.15

**

-

(12) Predicted income $2,197.37  2139.27 -.19

**

-.71**-.93**-.81**-.48**-.93**-.88**-.27

**

-.98**-.81**-.42**

-

(13) Earned income $1,357.13  1791.29 -.07

**

-.67**-.88**-.91**-.19

**

-.86**-.95**-.12

**

-.82**-.98**-.09

**

-.83**

-

(14) Income Prediction Bias

$610.57  1183.87 -.15

**

-.23

**

-.28

**

-.03

**

-.62**-.29

**

-.04

**

-.59**-.46**-.10

**

-.90**-.47**-.09

**

-
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Figure 3. Mean Predicted and Actual Income in Study 3
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image6.emf
Variable   M   SD (1) (2) (3) (4) (5) (6)

(1) Predicted Income $329.83  230.28

-

(2) Actual Income Earned $263.41  225.63 .76

**

-

(3) Income Prediction Bias $66.42 157.51 .37

**

-.32

**

-

(4) Propensity to Plan 4.54 1.11 .24

**

.22

**

.02

**

-

(5) Gig Experience 3.96 1.85 .11

**

.10

**

.02

**

.10

**

-

(6) % of total income from gig

6.12 3.67 .45

**

.35

**

.15

**

.20

**

.11

**

-


image7.emf
(1) (2) (3)

Condition (control = 0, outside view = 1) -36.04*

(16.350)

-35.55*

(16.254)

-35.01*

(16.156)

Individual difference 3.43

(10.758)

2.03

(6.474)

6.36

(3.245)

Interaction -3.383

(15.238)

-3.23

(8.933)

-3.141

(4.469)

Adjusted R-Squared 0.012 0.012 0.024

(1) (2) (3)

Condition (control = 0, atypical = 1) 3.92

(8.459)

4.18

(8.395)

2.93

(8.284)

Individual difference 3.43

(10.833)

2.03

(6.474)

6.36*

(3.221)

Interaction -5.95

(8.173)

7.23

(4.716)

2.55

(2.293)

Adjusted R-Squared 0.002 0.016 0.042


