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 Reminders is a type of nudging that public organizations effectively have used to 

change residents’ behaviors in various settings including medical care (Altmann and Traxler 

2014), home energy consumption (Allcott and Rogers 2014), collection of fines (Haynes et al. 

2013), social benefits (Bhargava and Manoli 2015), and personal savings (Karlan et al. 2016; 

(Agarwal et al. 2015). Reminders are a solution to the problem of humans’ scarce attention 

capacity and therefore boundedly rational behavior. The diagnosis of poor choices in nudging 

is that “most of us are busy, our lives are complicated, and we can’t spend all our time thinking 

and analyzing everything” (Thaler and Sunstein 2008, 24). However, the global proliferation 

of nudging tools carries the potential to undermine their own success. The more nudging 

techniques spread to every sphere of human decision-making, the less effective they may 

become because they all compete for people’s limited attention. The great expansion of 

reminders may therefore become a Pyrrhic victory, unless more nuanced understandings of 

who benefit from reminders is developed, so that reminders can be targeted different groups of 

residents. 

We nuance the theory of nudging, which relies on the assumption that all humans are 

boundedly rational, and thus the prescription to overcome bounded rationality is the same for 

all (Thaler and Sunstein 2008). However, as behavioral economics and psychology has 

demonstrated, people differ in their cognitive abilities (Gottfredson 1997), personality traits 

(McCrae and John 1992; Nettle 2006), and consequently also in their behaviors. Thus, our point 

of departure is that there may be differences in bounded rationality. By exploring these 

differences, we predict who will enjoy the greatest benefit from nudging tools.  

We conduct two studies to in order to develop and test a general theory of who are 

responsive to reminders, and for whom they may backfire.  We compare reminders to more 

classic tools in public administration of giving advice and information to residents. In Study 1 

we conduct a survey of more than 3,500 Danish parents. We asked about their routines 
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regarding reading with their children, which is a mode of coproduction that has demonstrated 

positive outcomes for the children (ref). Study 1 is exploratory, and we apply machine-learning 

technique called “k-means clustering” to find out whether we can identify the parents who are 

responsive to reminders and advice. By using a survey experiment, we test whether the 

identified clusters can explain heterogenous effects of the experiment. Study 1 shows that most 

parents react negatively to reminders, while advice is a more popular tool. In the survey 

experiment, we find a negative average effect of reminders on expected likelihood of reading 

with one’s children. However, we do find that some parents want to receive both reminders 

and advice. We identify a cluster of parents—characterized by low self-efficacy, education, 

and conscientiousness—that reacts positively to the treatment in the survey experiment.  

Based on the findings from Study 1 we develop theoretical expectations about which 

people respond positively to reminders. We test this theory in a pre-registered experiment (N 

= 1,019) (Study 2). To assess the generalizability of the theory, we test it on a case and sample 

of respondents that differ from Study 1. In Study 2, we recruit US residents through Amazon’s 

Mechanical Turk (MTurk), and test their response to reminders on a case of health exercising. 

We test the effect of reminders, which is in line with a large literature on behavior change 

(Cortes et al. 2019; Damgaard and Gravert 2018; Doss et al. 2019; Milkman et al. 2011). Study 

2 confirms that advice is more popular than reminders. Furthermore, the second survey 

experiment demonstrates how people with low domain specific self-efficacy reacted positively 

to advice, but not to reminders.  

 The article proceeds as follows: first, we present Study 1 and findings, after which we 

generate theory about who we expect to react positively to reminders and advice. Then, we 

present methods and findings for the second study. Finally, we discuss implications for the 

ability of nudging to spur behavior-change in modern societies.  
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Study 1 

The first study is exploratory, since we wanted to identify who wanted to receive help 

in the form of nudging and advice. Our case is parents’ reading with their kids. Several studies 

have demonstrated how children’s skills improve markedly when parents read to them 

(Andersen and Nielsen 2016; Castro et al. 2015). Reading with children confers benefits that 

are slowly accumulating, such that we know it to improve children’s outcomes in the long run, 

but parents will hardly notice any day-to-day changes from this behavior. This situates the case 

in the broader behavioral economics and psychology framework of desirable behavior, since 

reading with children becomes an activity where there (for some families) may be a tension 

between short-term desires and long-term gains. Therefore, we can expect the same influences 

on reading with children as has been identified in the literatures on nudging in health (Vlaev et 

al. 2016), sustainability (Pilaj 2017), and future savings (Thaler and Benartzi 2004).  New 

research has already demonstrated positive effects of personalized nudging interventions. For 

instance, reminders are more effective when accompanied by personalized text messages (Doss 

et al. 2019) and when sent out during weekends instead of weekdays (Cortes et al. 2019). 

 We conducted a survey among more than 19,000 parents of which we received 3,637 

answers, yielding a response rate of 19 %. (This relatively low response rates is one of the 

reasons that we in Study 2 test our theoretical prediction on a very different sample (US 

residents) and case (health exercising)). We wanted to explore how to support parents’ reading 

with their children, and thus surveyed the literatures on behavioral economics, behavioral 

public administration, and psychology for possible candidates. This resulted in a list of several 

groups of variables, such as self-efficacy (Bandura 1977), conscientiousness (McCrae and John 

1992), time discounting (Falk et al. 2018), and motivation (Williams et al. 1996). Furthermore, 

we supplied the survey data with detailed register data on parental education, income, and 

ethnicity. Our measures for nudging and advice is survey questions on whether respondents 
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want to receive reminders and advice, respectively. Reminders is one of the most frequently 

used nudging techniques in the literature (Damgaard and Gravert 2018; Doss et al. 2019; Cortes 

et al. 2019), which is the reason why we also use this as a measure for preferences for nudging 

tools.  

The wide range of variables collected allow for applying machine learning methods to 

find internally coherent groups of parents in the data. The method we use here is k-means 

clustering, an unsupervised learning algorithm, which partitions data into a predefined number 

of internally homogeneous clusters (k) .We apply the standard Hartigan-Wong algorithm 

(Hartigan and Wong 1979), which minimizes the total within-cluster sum of squares (WSS) 

through the following equation:  

∑𝑊(𝐶𝑘) = ∑ ∑ (𝑥𝑖 − 𝜇𝑘)
2

𝑥𝑖𝜖𝐶𝑘

𝑘

𝑘=1

𝑘

𝑘=1

 

Where Ck denotes a cluster, and μk is the mean value of data points assigned to cluster 

k. Hence, the algorithm creates cluster that are as internally similar as possible, while being as 

dissimilar from other clusters as possible by minimizing the WSS. Thus, we use this 

unsupervised machine learning technique to identify groups of parents in our dataset. Before 

partitioning data into groups, we need to find the most suitable number of clusters. Applying 

the WSS is appropriate here, since the solution after which there is no significant drop in this 

statistic is the one most likely to identify homogeneous groups of parents while sidestepping 

overfitting. We impute missing data using the MissRanger-package before running the 

analysis. The MissRanger package uses predictive mean matching to impute missing values, 

implying that all missing cells are matched with the most similar cell, after which the missing 

value is imputed with that from the most similar cell (Stekhoven and Buhlmann 2012).  

The optimal number of clusters in the data is four (see Appendix A). After four clusters, 

there is no significant decline in the WSS. Applying the elbow-method then informs us that 
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four clusters is the most appropriate number for k. We thus run the k-means algorithm with a 

pre-specified solution of four clusters on our dataset.  

In study 1, we apply a survey experiment as a measurement instrument for examining 

whether different groups of parents have different preferences for reminders and advice. Table 

1 displays the design of the survey experiment.  

Table 1. Design of survey experiment.  

 Control group [T1] Reminders [T2] Advice 

Treatment - Imagine that you 

start receiving 

reminders about 

reading with your 

child 

Imagine that you 

start receiving 

advice on how to 

read with your child 

Outcome How likely are you to 

read with your child 

tonight? 

How likely are you 

to read with your 

child tonight? 

How likely are you 

to read with your 

child tonight? 

 

As table 1 shows, we asked people to imagine receiving reminders (treatment 1) or 

advice (treatment 2), after which we asked them to rate the likelihood that they will read with 

their child tonight. The survey experiment allows us to explore two questions: 1) is there an 

average effect of reminders and advice on intentions of reading with one’s child, and 2) do 

some parents react differently to the treatment. If parents react differently to the treatment, we 

take this as an indication that some parents want nudging and advice while others do not.  

 

Results of study 1 

In this section, we first show the main effect of the treatment, after which we visualize 

differences between the four clusters. Finally, we show how the clusters respond differently to 

the treatment in our survey experiment.  

 Table 2 displays the results from the survey experiment. The advice treatment increases 

parents’ expected likelihood of reading with their child tonight relative to the control group (p 
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< .001). Hence, parents respond positively to advice, in the sense that they are more likely to 

read to their child, if they have been presented with the idea of receiving advice. The same is 

not true for reminders: respondents treated with reminders consider it less likely that they will 

read with their children tonight. This finding both holds for the reminder treatment group 

relative to the control group (p < .05) and the reminder treatment group relative to the advice 

treatment group (p < .001).  

Table 2. Main effects of the treatment.  

 Coefficient 

Treatment - reference group: Control -  

- Reminder -.13** (.05) 

- Advice .21*** (.05) 

  

Constant 4.27*** (.04) 

Observations 3,144 

R2 .014 

Adj. R2 .014 

Residual std. err.  1.175 (df = 3,141) 

F Statistic 22.765*** (df = 2; 3,141) 

Note: OLS-regression with std. errors in parentheses. * p < .1; ** p < .05; *** p < .01.  

Thus, there is a highly significant influence of reminders and advice on the estimated 

likelihood of reading with one’s child. This result highlights the importance of exploring when 

people want reminders and advice, respectively. Hence, we move on to examine differences 

between the four clusters identified through the k-means algorithm.  

We minimized the WSS by applying a four-cluster solution on the dataset. 

Consequently, we specify that the k-means algorithm should search for four homogeneous 

clusters. Figure 1 displays boxplots visualizing differences between the four clusters on four 

variables: self-efficacy, conscientiousness, motivation to change reading habits, and education 

months.  
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Figure 1. Boxplots displaying differences between clusters.  

 

The figure shows clear differences between the four clusters on all these characteristics. 

The first cluster has the highest self-efficacy, education, and conscientiousness, and the lowest 

motivation to change their reading habits. The second cluster has slightly lower self-efficacy, 

education, and conscientiousness, and a slightly higher motivation. The third cluster is slightly 

lower than cluster 2 in terms of self-efficacy, lower in conscientiousness, nearly identical in 

education, and similar when it comes to motivation.  

Finally, we have cluster 4. Cluster 4 is both the lowest of the clusters in terms of self-

efficacy, education, and conscientiousness. Yet, they also have the highest motivation to 

change reading habits. The parents belonging to cluster 4 may thus constitute the primary target 

when trying to nudge parents into reading with their children or granting advice on how to read 
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with kids. To examine whether this is also the case, table 3 reports the moderating influence of 

the clusters on the treatments in the survey experiment.  

 

The first finding from table 3 (model 1) is that cluster 1 and cluster 2 parents consider 

themselves most likely to read with their kids before considering the influence on the treatment. 

Cluster 3 is the least likely to read with kids tonight, while cluster 4 is lower than cluster 1 and 

2 but also higher than cluster 3 (p < .01). Model 2 displays the moderating influences of the 

clusters on the treatment effect. All clusters respond more positively to the reminder treatment 

than cluster 1, since it increases parents’ self-assessed likelihood of reading with their children 

tonight for both cluster 2, 3, and 4 relative to cluster 1. The effect of reminders is clearly most 

positive in the fourth cluster (r = .59, p < .01). Parents in cluster 4 also respond positively to 

advice relative to the first cluster (r = .29, p < .01). Parents in cluster 3 react most positively to 

the advice nudge (r = .4, p < .01).  

To develop a better theoretical understanding of what made some parents react to the 

nudges, we interacted self-efficacy and conscientiousness with the treatment to examine the 
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personal characteristics that explain preferences for help most accurately. Self-efficacy 

moderated the effect significantly stronger than conscientiousness did. The moderating effect 

of conscientiousness was insignificant in both cases (r = -.06, and r = -.11, respectively), 

whereas self-efficacy strongly moderated the effect of reminders on the likelihood of reading 

tonight (r = -.17, p < .01), as did it moderate the effect of advice (r = -.15, p < .01).  

In sum, we discovered four clusters that differed in terms of education, self-efficacy, 

conscientiousness, and motivation to change reading habits. Two of the clusters reacted 

positively to the treatment in the survey experiment compared to the other clusters. Cluster 3 

seem especially likely to benefit from advice, while cluster 4 responded positively to reminders. 

Finally, self-efficacy moderates the treatment effect more strongly than conscientiousness 

does.  

 

Desire and belief in behavior change 

Study 1 showed how education, self-efficacy, and conscientiousness affected preferences for 

receiving help in the form of advice and reminders. In this section, we develop theory to predict 

who wants a helping hand from the findings of study 1. The theory outlined suggests that 

people’s preferences for receiving help is determined through two paths: 1) the belief in goal 

achievement, and 2) the desire for goal achievement, in which self-efficacy and 

conscientiousness play key roles, respectively. The findings from study 1 suggest that self-

efficacy is more important than conscientiousness in explaining preferences for help, which is 

why we expect the belief in goal achievement to matter more than the desire for goal 

achievement. Yet, we first have to consider what self-efficacy and conscientiousness is, and 

why they are so important for behavior change.  
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 Self-efficacy can be defined as efficacy-expectations, or more concretely “the 

individual’s belief that he or she can accomplish a task” (Wigfield and Eccles 2000, 70). The 

term was originally coined by Bandura to explain how previous performance accomplishments, 

vicarious experience, and physiological states could affect individuals’ beliefs that they would 

succeed in altering their behavior for the better (Bandura 1977). Self-efficacy has been used to 

understand obstacles to desirable behavior in areas such as healthy eating (Prochaska and 

Velicer 1997), academic performance (Pintrich and de Groot 1990), and personal well-being 

(Ryan and Deci 2000). Thus, self-efficacy affects desirable outcomes markedly. The belief in 

one’s own efficacy implies a higher chance of succeeding in altering a range of desirable 

outcomes.  

 The results of study 1 shows how self-efficacy not only affects the probability of 

succeeding in changing behaviors but also the likelihood of preferring to receive help. The 

parents in cluster 1, characterized by high self-efficacy, have a belief in their own abilities, and 

thus they do not feel that they need to receive help from authorities in changing their behavior. 

Similarly, people with little self-efficacy (parents in cluster 4) probably have a history of failed 

behavior change and recognize that they need help to achieve their aims. Thus, self-efficacy 

affects belief in goal achievement, and this belief, in turn, affects the desire for help. This is 

the first pathway explaining preferences for nudging and advice, which we label the belief in 

goal achievement.  

  The belief in goal achievement is not the only pathway explaining preferences for 

nudging and advice, however. The desire for goal achievement also explains preferences for 

nudging and advice. Study 1 showed how conscientious individuals (parents in cluster 1) had 

a lower preference for reminders and advice, while parents in cluster 4 are lower in the 

conscientiousness-scale and show higher preferences for nudging and advice. Conscientious 

individuals tend to be “thorough, careful, reliable, organized, industrious, and self-controlled” 
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(Duckworth et al. 2007, 1089). Conscientiousness is thus highly related to goal achievement 

for at least two reasons. Firstly, because conscientious individuals have a higher aspiration 

levels, and thus desire goal achievement more than others do (McCrae and John 1992). 

Secondly, because conscientious people avoid many obstacles along the way due to their 

increased restraint and delay gratification abilities (Renn, Allen, and Huning 2011). Thus, 

conscientiousness enables people to set aside short-term pleasures and achieve their goals.  

 In the first study, parents in cluster 1 showed higher conscientiousness and a lower 

preference for help, whereas parents in cluster 4 were less conscientious and wanted to receive 

nudging and advice. This constitutes the second pathway explaining preferences for nudging 

and advice: less conscientious parents have a lower orientation towards goals, and this makes 

it less likely that they will perform desirable behaviors. Yet, it also makes them more inclined 

to seek out help. Figure 2 displays the two paths explaining preferences for nudging and advice. 

 

  

 

 

 

 

 

 

Figure 2. The two paths to preferences for nudging and advice.  

 

 There is a self-efficacy and conscientiousness path to preferences for nudging and 

advice. The paths could also be called belief in goal achievement and desire for goal 

achievement, respectively. In the figure, ability affects both one’s self-efficacy and 

Ability 

(education) 

Self-efficacy 
Belief in ability 

to achieve long-

term goal 

Preferences for 

help 

Conscientiousness 
Orientation 

toward long-

term goal 

Belief in 

performing 

desirable behavior 
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conscientiousness, which then have an impact on one’s belief in ability to achieve long-term 

goals and one’s orientation towards long-term goals, respectively. Finally, these characteristics 

affect the desirable behavior, and when people do not achieve desirable behaviors, they prefer 

help, while they do not want help whenever they have achieved their goals.  

 In a preregistered experiment, we examine whether the theory holds explanatory power 

in a new setting. The first, preregistered(?) hypothesis from the theory is:  

 

H1: Self-efficacy moderates the treatment effects on the belief that one will exercise 

today, such that people with low self-efficacy become more likely to exercise today 

when receiving the treatments.  

  

The belief in one’s ability affects the belief that one will perform the desirable behavior, 

and consequently also preferences for help. Yet, this was not the only pathway in figure 2 to 

preferences for help: there was also one through conscientiousness. Yet, the data gathered from 

the first study showed how the self-efficacy path was more important than the 

conscientiousness path. Indeed, self-efficacy moderated the treatment effect significantly 

stronger than conscientiousness did. Therefore, we also preregistered the second hypothesis:  

 

H2: Self-efficacy moderates the treatment effects on the belief that one will exercise 

today more strongly than self-control does. 
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Study 2 

The second study is a preregistered experiment among US adults recruited through Amazon’s 

Mechanical Turk (MTurk). We gathered data from 1,014 participants in July and August 2020. 

We calculated the sample size by using the differences between the moderating influences of 

belief in behavior change (i.e. self-efficacy) and the desire for behavior change (i.e. 

conscientiousness) on the survey experiment conducted in study 1. Parents in the lowest 

quartile on self-efficacy saw an increase in the likelihood of reading with their kids tonight 

from the survey experiment of .257 standard deviations more than parents with low 

conscientiousness.  

 This led to an expectation that the belief in behavior change was a stronger predictor of 

wanting help than the desire for behavior change. From the standardized difference between 

the groups, we calculated that we needed 338 people in each of the three groups in the 

experiment to have 90 % power for observing a similar effect. Since there have been some 

debate about the attention of MTurkers (Stritch, Pedersen, and Taggart 2017), we conduct two 

checks which participants have to pass to be included in the study. The first check is whether 

there is congruency between two methods for asking about a respondent’s age, while the second 

check examines attention through a little test, where participants have to type in the correct 

word.  

We tested many of the same variables in the second study (self-efficacy, 

conscientiousness, and time discounting). Furthermore, we use domain-specific variables, such 

that we construct indices for health self-efficacy and health conscientiousness. We constructed 

these indices because self-efficacy and conscientiousness may not be universal constructs. 

Trust in one’s ability to achieve desirable outcomes in one domain does not necessarily 

translate into other domains. Of relevance to this study, one can be confident in one’s ability 
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to read with one’s children, while being worried about exercising habits and healthy eating. 

Finally, we employed a similar survey experiment, highlighted in table 4.  

Table 4. Design of survey experiment.  

 Control group [T1] Reminders [T2] Advice 

Treatment - Imagine that you 

start receiving 

reminders about 

exercising via SMS 

Imagine that you 

receive advice on 

how to exercise 

Outcome How likely are you to 

exercise today 

How likely are you 

to exercise today 

How likely are you 

to exercise today 

 

Hence, we use the same variables to explain exercising and a similar measurement 

experiment to find out whether people want help. This allows us to conduct a rigorous test for 

the findings of study 1.  

 

Results of study 2 

In this section, we first show the main influences of advice and reminders on the estimated 

likelihood that one will exercise today. Secondly, we show the moderating influences of both 

general conscientiousness and self-efficacy, after which we display how domain-specific 

conscientiousness and self-efficacy moderates the treatments.   

Figure 3 is a coefficient plot for the treatment effect of reminders and advice on the 

estimated likelihood that one will exercise today. The figure shows how neither reminders nor 

advice are significantly different from the control group, yet advice is significantly different 

from reminders (p < .05), implying that advice once more is more popular than reminders. 

Thus, policymakers should be especially attentive to who wants reminders, since they do not 

seem to be that popular in general.  
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Figure 3. Effects of the treatments.  

 

 

Yet, the main question related to whether self-efficacy and conscientiousness explained 

a higher preference for reminders and advice. To examine whether this is the case, we once 

more interact the treatment with self-efficacy and conscientiousness. The results are displayed 

in table 5. Rather surprisingly, we find no moderating effect of general self-efficacy and 

conscientiousness. This implies that there is no evidence that people with low self-efficacy and 

conscientiousness have higher preferences for reminders and advice. Thus, the first hypothesis 

is not supported in the data. Furthermore, the effects of both general self-efficacy and 
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conscientiousness are close to zero, meaning that the second hypothesis stating that self-

efficacy would moderate the treatment stronger than conscientiousness is not supported either.  

 

Table 5. Moderating effects on the treatment of self-efficacy and conscientiousness.  

                                                  Likelihood of exercising today 

                                                 (1)                  (2)      

 

Reminder                             -0.137          -0.091     

                                               (0.095)          (0.096)                                                                          

Advice                                 0.085            0.109     

                                               (0.095)          (0.096)                                                                          

Self-efficacy                            0.398***                  

                                               (0.062)                   

                                                                       

Reminder x Self-efficacy   0.023                    

                                               (0.093)                                                                                         

Advice x Self-efficacy             -0.020                   

                                               (0.094)                   

                                                                       

Conscientiousness                                        0.371***    

                                                                (0.069)    

                                                                       

Reminder x Conscientiousness                       -0.017     

                                                                (0.095)                                                                          

Advice x Conscientiousness                         -0.030     

                                                                (0.098)    

                                                                       

Constant                                       3.698***        3.672***    

                                              (0.067)          (0.068)    

                                                                       

Observations                                   1,015            1,015     

R2                                              0.100            0.081     

Adjusted R2                                    0.095            0.076     

Residual Std. Error (df = 1009)                1.233            1.246     

F Statistic (df = 5; 1009)                   22.386***        17.694***   

Note: OLS-regressions with std. errors in parentheses. *p<0.1; **p<0.05; ***p<0.01 

 

 Next we examine whether domain-specific self-efficacy and conscientiousness explains 

preferences for reminders and advice. Table 6 reports the moderating influences of health-

specific self-efficacy and conscientiousness on the treatments.   
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Table 6. Moderating effect of domain specific self-efficacy and conscientiousness 

                                                 

                                                   Likelihood of exercising today.        

(1)                       (2)      

 

Reminder                              -0.116          -0.061     

                                               (0.089)          (0.080)                                                                          

Advice                                 0.089            0.104     

                                               (0.089)          (0.080)    

                                                                       

Self-efficacy (health)                         0.651***                  

                                               (0.061)                   

                                                                       

Reminder x Self-efficacy (health)  -0.074                   

                                               (0.089)                                                                                         

Advice x Self efficacy (health)         -0.179**                  

                                               (0.088)                   

                                                                       

Conscientiousness (health)                                       0.842***    

                                                                (0.056)    

                                                                       

Reminder x Conscientiousness (health)                      -0.079     

                                                                (0.079)                                                                         

Advice x Conscientiousness (health)                        -0.121     

                                                                (0.080)    

                                                                       

Constant                                       3.690***        3.662***    

                                               (0.063)          (0.056)    

                                                                       

Observations                                   1,015            1,015     

R2                                              0.202            0.365     

Adjusted R2                                    0.198            0.362     

Residual Std. Error (df = 1009)                1.161            1.036     

F Statistic (df = 5; 1009)                   51.057***       115.933***   

Note:                                      *p<0.1; **p<0.05; ***p<0.01 

 

 The moderating influences of domain-specific self-efficacy are similar to those in study 

1. People with low health-specific self-efficacy have a significantly higher likelihood of 

exercising after imagining that they begin receiving advice (p < .05), while the reminder-

treatment is in the same direction but insignificant. The coefficients are in the same direction 

for domain-specific conscientiousness but they do not reach statistical significance. Thus, 

health-specific self-efficacy explains responsiveness to advice but not to reminders, while 

health-specific conscientiousness does not explain preferences for reminders nor advice.  
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Discussion 

Nudging has become a widely endorsed policy tool to influence people’s likelihood of 

engaging in desirable behaviors (Battaglio et al. 2019; Thaler and Sunstein 2008). Proponents 

have even stated that we have reached a point where there almost is a “worldwide consensus 

on nudging” (Sunstein, Reisch, and Rauber 2018). We are skeptical of this assertion for both 

theoretical and empirical reasons.  

 Theoretically, the diagnosis of poor choices in nudging is that people lead busy lives 

and have limited attention (Thaler and Sunstein 2008). If people do have limited attention, then 

we cannot simultaneously nudge them towards desirable behaviors in all choice arenas. 

People’s scarce attention can only be diverted among a given number of tasks, implying that 

nudging techniques cannot become too popular before they undermined their own effects. 

 Empirically, we have found that one of the most popular nudging techniques, namely 

reminders, decreases people’s inclination to perform desirable behaviors with respect to both 

reading with children and exercising. In both studies, the tool most often used in classic 

information campaigns, that is advice, is more popular than reminders. Thus, there is great 

value in discovering when people are likely to react to reminders and advice.   

 In both studies, we sought to explore who wants reminders and advice. In the first study, 

we identified a cluster of parents with low education, self-efficacy, and conscientiousness, who 

were highly motivated to change their reading behaviors. The second study did not find the 

same influence of general self-efficacy and conscientiousness, though domain-specific self-

efficacy explained preferences for advice. Self-efficacy and conscientiousness may not be 

general characteristics – for instance, one might have high self-efficacy and conscientiousness 

regarding one’s own financial resources, while one finds it extremely difficult to exercise. The 

results of our studies suggest that domain-specific characteristics related to the specific 

behavior are more important than universal personality characteristics.  
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 Governments might benefit from the findings of the two studies reported here. Not all 

people want nudging and advice, implying that governments may both increase their legitimacy 

and waste less resources and time by targeting campaigns. More specifically, finding out 

whether citizens have beliefs in their own capabilities (i.e. self-efficacy) seems especially 

relevant given the findings of the studies. When governments try to examine whether people 

belief in their capacities for behavior change before designing their campaigns, they target 

campaigns more specifically and do not run the risk of depleting people’s attention. This will 

increase the likelihood that nudging campaigns succeed in the future.  

 However, before governments engage in these efforts, researchers should further 

explore the agenda we outline in this paper. We see special value in predicting preferences for 

nudging and advice by using register data, since this diminishes the need to run surveys of 

citizens before initiating campaigns. Though we did not find strong candidates explaining 

desires for nudging and advice except education in our register data, this may be due to a lack 

of other variables (e.g. intelligence, financial information). Thus, further research should 

explore how much we can predict preferences for nudging and advice purely from register data. 

Furthermore, researchers should explore other potential candidates predicting preferences for 

nudging and advice than those outlined in this paper. We used variables gathered from 

psychology (McCrae and John 1992), behavioral economics (Kahneman 2003), and behavioral 

public administration (Battaglio et al. 2019), yet we encourage researchers to use creative 

approaches to find potential explanations.  

 

Conclusion 

In this paper, we examined whether we could explain preferences for nudging and advice. We 

conducted two studies – our first case was parents’ reading efforts with their children, while 

the second case was exercising.  
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The first finding was that advice was more popular than reminders. Furthermore, in the 

first study, we used a machine learning algorithm – k-means clustering – to find internally 

homogeneous groups of parents. We discovered four clusters that differed in their education, 

self-efficacy, conscientiousness, and motivation to change reading habits. The cluster that was 

lowest in terms of education, self-efficacy, and conscientiousness showed a significantly higher 

desire to receive help in the form of nudging and advice in a survey experiment.  

We tried to replicate the finding in an entirely different setting, which was health 

behaviors among US adults. Again, we found that advice was more popular than reminders. 

Yet, we did not replicate the finding that general self-efficacy explained preferences for help. 

However, domain-specific self-efficacy affected preferences for advice, such that those with 

low self-efficacy were more likely to have preferences for receiving advice.  

This study contributes to a larger debate on the limits of nudging and behavioral 

economics in general. Our findings have implications for governments worldwide pursuing 

desirable behaviors through nudging campaigns. Practitioners should be aware that such 

campaigns generally are unpopular, though some citizens will likely prefer to receive help. The 

next question becomes how to identify whether citizens want help without administering 

surveys.  
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Appendix 

Table 3. Moderating influence of clusters on treatment.  

 

 

                                                                              Read with kid tonight 

                                                                               (1)                        (2)            

Clusters – reference category: Cluster 1.                                                                                                                        

Cluster 2                                                         0.156***                     0.050           

                                                                             (0.043)                    (0.077)          

Cluster 3                                                         -0.522***                  -0.787***         

                                                                             (0.041)                    (0.072)          

Cluster 4                                                         -0.254***                  -0.558***         

                                                                             (0.044)                    (0.076)        

 

Treatment effect 

Reminders                                                            -0.396***         

                                                                                                        (0.074)          

Advice       -0.051           

                                                                                                        (0.075)          

   

 

Interactions  

Reminders x Cluster 2                                        0.235**          

                                                                                                        (0.105)          

Advice x Cluster 2                                             0.043           

                                                                                                        (0.104)            

Reminders x Cluster 3                                       0.368***          

                                                                                                        (0.099)                                

Advice x Cluster 3                                           0.403***          

                                                                                                        (0.100)                                                       

Reminders x Cluster 4                                       0.593***          

                                                                                                        (0.107)             

Advice x Cluster 4                                           0.287***          

                                                                                                        (0.106)                                                                                                                                

Constant                                                                    0.161***                   0.320***          

                                                                             (0.030)                    (0.054)          

                                                                                                                       

Observations                                                                  3,637                      3,637           

R2                                                                            0.08                      0.103           

Adjusted R2                                                                   0.08                      0.101           

Residual Std. Error                                                     0.897 (df = 3633)         0.887 (df = 3625)     

F Statistic                                                          105.856*** (df = 3; 3633) 37.952*** (df = 11; 3625) 

Note: *p<0.1; **p<0.05; ***p<0.01. Std. errors in parentheses.  

 

 


