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Abstract
Individuals are increasingly asked to take responsibility for preparing for retirement and available financial
products to do so are growing in sophistication. A better understanding of how non-cognitive skills influ-
ence financial capability and retirement preparation could help effective policy design. This area of
research has been hampered by the struggle to find reliable measures of these skills. I argue that question-
naires themselves can be seen as performance tasks, such that measures of survey effort could lead to
meaningful measures of non-cognitive skills. I exploit the fact that I observe respondents taking multiple
survey modules covering different topics in different moments of time to build survey effort measures in a
nationally representative internet panel. I use survey effort measures along with self-reports to study the
role of non-cognitive skills on retirement preparation and financial capability. My results show that
non-cognitive skills can have a significant role, beyond the role of cognitive ability.
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1. Introduction

Non-cognitive skills and personality traits, such as conscientiousness, have been found to play a prom-
inent role in shaping important long-term outcomes, such as educational attainment and labor out-
comes, even after controlling for cognitive ability (Almlund et al., 2011). However, we still lack a good
understanding of how they might affect preparation for retirement and financial capability.

A limited amount of recent research has highlighted the potential role that non-cognitive skills and
personality traits could have for retirement planning and savings. Hershey and Mowen (2000), using a
small sample of Arkansas households, studied the link between personality characteristics, financial
knowledge, and financial preparedness. They found that both self-reported personality characteristics
such as conscientiousness and neuroticism, as well as financial knowledge, were significantly corre-
lated with retirement planning. Hurd et al. (2012) also highlight the role of self-reported conscien-
tiousness for retirement preparation. Using data from the Health and Retirement Study the authors
find self-reported conscientiousness to be associated with a higher accumulation of resources for
retirement both through an increased level of reported earnings but also through higher levels of
reported savings. Finally, in a recent paper, Parise and Peijnenburg (forthcoming) study the relation-
ship between self-reported conscientiousness and emotional stability (reverse of neuroticism) and
financial choices among a panel of Dutch adults. They find that both personality traits are negatively
associated with several measures of financial distress. Also, these self-reported personality traits were
associated with higher levels of reported retirement planning and saving and negatively associated with
impulse buying and unsecured borrowing. In this paper, I build on this research and study the effect of
different alternative measures of non-cognitive skills and personality traits to explain individuals’
reported preparation for retirement and financial capability.
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A key challenge in this area of research is finding robust measures of non-cognitive skills. The lim-
ited research available has only used self-reports but these are prone to potential important biases due
to reference group bias and social desirability bias (Krosnick et al., 1996; Dobbie and Fryer, 2015; West
et al., 2016). Also, some respondents expend low effort on surveys. The problem this creates for non-
cognitive skills research is that effort on surveys is likely related to the very skills that researchers are
attempting to measure. For example, respondents who lack conscientiousness are unlikely to report
that they lack those skills. This indicates that measurement error on surveys is potentially related to
the underlying skills we seek to measure, which then could lead to invalid research findings. In
particular, one could expect that in studies that use self-reported measures of non-cognitive skills
and self-reported outcomes, correlated measurement error may lead to upward-biased estimates of
the estimated relationships. This would be the case if, for example, respondents who overstate their
personality or non-cognitive skills are also more likely to exaggerate their financial wellbeing and
retirement preparation.

Because of these limitations, Duckworth and Yeager (2015) have urged the research community to
exercise caution when using existing self-reported measures of non-cognitive skills. The authors high-
light the importance of developing novel measures by capitalizing on advances in theory and technol-
ogy. This is precisely what I do in this paper. Here, I argue that questionnaires themselves can be seen
as performance tasks, such that measures of survey effort can lead to meaningful measures of non-
cognitive skills. Surveys take the effort to complete, resemble paperwork and clerical tasks in daily
life, and respondents reveal something about their non-cognitive skills through the effort they exhibit
on them.

I study survey effort measures, as proxy measures of non-cognitive skills, among adults in the
Understanding America Study (UAS), a nationally representative internet panel of households. The
UAS provides me with a unique framework to test for the validity of these measures as respondents
are observed taking multiple survey modules on different topics and different moments of time,
receive a payment to do so, independently of survey effort, and are not made aware that survey effort
could be tracked. Using UAS metadata, including detailed information on whether a respondent
skipped a question he or she should have answered, I am able to assess respondents’ survey taking
effort, independently of survey topics and time. In addition, I also study an adaptation, for the
adult population, of a standard performance task, the Academic Diligence Task (ADT) developed
by Galla et al. (2014).

My results show the difficulty of adapting the ADT to a different context and population and the
promise of survey effort measures to proxy for relevant non-cognitive skills. In particular, measures of
careless answering in surveys, show great promise for being good proxy measures of conscientiousness
and neuroticism. When related with measures of financial capability and retirement preparation, I find
that both self-reported measures of conscientiousness, neuroticism, grit, and, more importantly, mea-
sures of careless-answering are significant determinants of the level of financial capability and retire-
ment preparation of UAS respondents, beyond the role of cognitive ability.

These findings have important policy implications. As an increasing share of the responsibility for a
good financial plan for the future is given to individuals and financial products are growing on their
sophistication, there are growing concerns about Americans’ low readiness for retirement financial
needs. As a result, a better understanding of the personal factors driving to sound financial decisions
is crucial for the design of targeted policies and interventions that could help promote financial cap-
ability and retirement preparation. This paper’s results highlight the importance of considering psy-
chological factors. For instance, traditional financial educational interventions might not be fully
successful among those individuals who lack the level of conscientiousness to act on their provided
information. In this respect, Lusardi et al. (2017) show theoretically substantial levels of heterogeneity
on returns to financial education. They argue that, in order to change behavior, financial education
programs should be targeted to specific groups of the population. My results highlight the potential
importance of considering an individual’s non-cognitive skills and personality traits in creating
such target groups.
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2. Data

This project uses the UAS, an ongoing internet panel of American households run by the University of
Southern California, comprising a nationally-representative sample of approximately 6,000
respondents.1

2.1 Self-reported measures of non-cognitive skills

This study includes self-reported measures of the Big Five personality traits and grit. The Big Five is a
taxonomy of five major personality traits including conscientiousness, agreeableness, neuroticism,
extraversion, and openness. Overall, the Big Five model is one of the most widely used schemas in
personality research and practice. More recently, economists have also used measures of the Big
Five personality traits and found them to be related to life outcomes in a variety of ways (e.g.,
Almlund et al., 2011).

My measures of the Big Five personality traits were collected in the very first survey the UAS
respondents take after joining the panel (UAS12) and it is based on a 44-item scale developed by
John et al. (1991). Based on the answers to this scale, each respondent receives a continuous score
from one to five on each of the five personality dimensions described above.

This paper builds on the work by Zamarro et al. (2018) for which a wave of data that included self-
reported grit (Duckworth and Quinn, 2009) was collected through survey modules UAS15 and
UAS37. Grit is defined as ‘perseverance and passion for long-term goals’ (Duckworth et al., 2007:
1087). The grit scale has eight items where respondents are asked to evaluate themselves on a five-
point scale (very much like me; mostly like me; somewhat like me; not much like me; not like me
at all) on a series of statements including, among others, ‘I am a hard worker’, ‘I am diligent’, or
‘Setbacks don’t discourage me’. A grit score is then computed for each respondent to the survey by
averaging the scores from responses to each of the items in the scale.

Tables 1 and 2 present descriptive statistics for these self-reported measures of personality traits
and grit. Similarly to results in Duckworth and Quinn (2009), self-reported grit measures in my sam-
ple exhibit strong significant positive correlations with self-reported measures of conscientiousness, a
moderate significant negative correlation with self-reported neuroticism, a moderate significant posi-
tive correlation with agreeableness, and a weak significant positive correlation with extraversion and
openness to experience. Observed correlations, however, are generally of smaller size, with the excep-
tion of openness to experience, than those observed by Duckworth and Quinn (2009). However, one
could expect these correlations not to be fully comparable, due to differences in samples, as I use a
nationally representative sample and their work used a convenience sample of adults who volunteered
to participate in the study. I also observe some intercorrelations among the Big Five personality traits
measures in this table. For instance, conscientiousness exhibits positive moderate correlation with
agreeableness and negative moderate correlation with neuroticism. These intercorrelations are to be
expected as certain behaviors, used for their measure, may reflect multiple traits, and are not unusual
in the personality literature (Costa and McCrae, 1992).

2.2 Performance task measures of non-cognitive skills

2.2.1 Measures of survey effort
Survey effort can be measured by analyzing response patterns within surveys. Recent evidence has
highlighted the potential of studying response patterns to questionnaires as a way of quantifying non-
cognitive skills (see Hitt, 2015; Hitt, Trivitt and Cheng, 2016; Zamarro et al., 2018). For example, the
rate at which students skip questions on surveys is predictive of later educational attainment and labor-
market outcomes (Hitt, Trivitt and Cheng, 2016). Similarly, measures of ‘careless answering’ on

1For more information about the UAS, please see the Introduction section to this special issue.
2UAS1 refers to the first survey module respondents take. UAS data used in this paper is publicly available and can be

accessed here: https://uasdata.usc.edu/index.php
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surveys by both teenage students and adults are found to be predictive of educational and labor-market
outcomes in adulthood (see Hitt, 2015; Zamarro et al., 2018).

By quantifying the extent to which individuals put forward effort in surveys I am able to obtain
information about respondents who otherwise may provide unreliable self-reported information. In
addition, these performance task-based measures are not prone to reference group bias as respondents
simply reveal personal attributes by their behavior. Also, respondents are typically unaware that they
are being assessed on survey effort, which avoids issues such as social desirability bias or experimenter
bias. An added cost-effective benefit of survey-based effort measures is that these measures often will
not require new data to be collected. Therefore, one could obtain measures of non-cognitive skills from
existing surveys to complement the already-collected information, expanding the opportunity for
researchers to answer new questions with existing data. In this study, I follow the work by Zamarro
et al. (2018) and study the potential of measures of item nonresponse and careless answering in
the UAS to proxy for relevant non-cognitive skills.

Item nonresponse rates are defined as the percentage of items that respondents skipped out of the total
number of items they were required to complete in a given survey. Upon request, I obtained metadata
information on whether a respondent skipped questions he or she should have answered. With this
information, I computed the item nonresponse rates for surveys in ten different modules in the
UAS3. These were surveymodules all UAS respondents were asked to participate in and were particularly
long and so, presentedmore potential for observing patterns of item nonresponse. These survey modules
were fielded at different points in time and varied in topics including demographic and family back-
ground information, health status and knowledge, housing, income, employment and labor market,

Table 1. Summary statistics for measures of non-cognitive skills

Measure Mean St. Dev. Min. Max. N. Obs

1. Grit 3.58 0.60 1.37 5.00 4,906
2. Conscientiousness 4.05 0.62 1.00 5.00 5,224
3. Agreeableness 4.02 0.62 1.00 5.00 5,223
4. Neuroticism 2.64 0.82 1.00 5.00 5,222
5. Extraversion 3.35 0.79 1.00 5.00 5,218
6. Openness 3.61 0.63 1.00 5.00 5,218
7. Item non-response 0.08 0.02 0.01 0.48 5,021
8. Careless answers 0.01 1.01 −1.96 4.43 5,075
9. Correct answers 0.97 0.06 0 1 901
10. Time on task 92.90 17.15 0.34 100 904

Note: Summary statistics presented using population weights.

Table 2. Correlation matrix of non-cognitive traits measures

1 2 3 4 5 6 7 8

1. Grit –
2. Conscientiousness 0.50** –
3. Agreeableness 0.24** 0.42** –
4. Neuroticism −0.33** −0.39** −0.42** –
5. Extroversion 0.18** 0.24** 0.21** −0.28** –
6. Openness 0.14** 0.23** 0.23** −0.21** 0.32** –
7. Item nonresponse −0.05** −0.04** −0.04** 0.02† −0.01 −0.05** –
8. Careless answers −0.16** −0.18** −0.10** 0.27** −0.10** −0.03* 0.05** –
9. Correct answers 0.06 0.04 0.03 −0.01 0.02 0.01 −0.10** −0.10**
10. Time on task −0.006 0.01 −0.0003 −0.01 0.01 0.005 0.001 −0.03
11. Cognitive ability −0.04 −0.008 −0.14** −0.07** −0.06* 0.14** 0.004 −0.23**

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

3The UAS survey modules included in this measure were the following: UAS16, UAS18, UAS20, UAS21, UAS22, UAS23,
UAS24, UAS25, UAS26, and UAS38.
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retirement, pensions, social networks and opinion on economics and politics. Altogether, respondents
were asked an average of 93.3 questions in each of these ten survey modules. I then take the average item
nonresponse rate across survey modules and within each respondent. By averaging nonresponse rates
along multiple survey modules covering different topics, I aim to identify a behavioral pattern independ-
ent of a specific survey topic and less affected by random fluctuations.4

Tables 1 and 2 present summary statistics for item nonresponse measures as well as correlations with
other measures of non-cognitive skills and cognitive ability. On average, UAS respondents exhibited
item nonresponse rates of about 8%. Item nonresponse rates, however, did not present much construct
validity in my sample as they showed very weak correlations with self-reported measures of grit and per-
sonality traits. Although weak, correlations were, however, significant and in the expected direction.
Weak negative and significant correlations were observed with self-reported grit, conscientiousness,
agreeableness and openness to experience. A marginally significant positive weak correlation was also
observed with self-reported neuroticism. No significant correlation was found between item nonre-
sponse and the cognitive ability measure, described in detail below. These small correlations could be
due to the fact that item nonresponse is discouraged in the UAS. If respondents leave an answer
blank, this triggers a screen that reminds them of the importance of their answers and asks them to return
and provide a response.5 Additionally, respondents might avoid leaving questions blank in order to build
a good reputation as panel members. As a consequence, I have doubts that item nonresponse is a good
proxy for non-cognitive skills in this case. However, in the results section below, I still present results of
correlations between item nonresponse rates and financial capability and retirement preparation.

Careless Answering Measures. Instead of skipping items, some respondents may provide thoughtless
and incoherent answers. For instance, some respondents may report the same answer to every ques-
tion (i.e., straight-lining) in order to complete the survey with minimal effort and quickly (O’Conner
et al., 1982). Others may simply provide random answers. My second measure of survey effort
identifies these patterns.

I followHitt (2015) to build ameasure of careless answering by generalizing diagnostic techniques that
psychologists have used to analyze data quality (Johnson, 2005; Huang et al., 2012; Meade and Craig,
2012). First, I identify reliable self-reported scales that respondents had to answer. I study answer patterns
in several survey modules, fielded at different points in time and covering an array of topics. I restrict
the analysis to survey modules different from the modules that contain other data for the analysis to
eliminate confounding variation. I chose the following three scales to build the careless answering meas-
ure: A life satisfaction scale, a well-being scale, and a depression scale.6 All these scales in the data had
high-reliability coefficients, ranging from 0.7 to 0.9 Cronbach’s α scores.

Within each of the selected scales, I regress responses from each item on the average score of the
rest of items. Answers among items on a reliable scale should be well correlated with each other.
However, an individual who is careless in responding to a scale will submit answers that are more
weakly correlated with each other. Residuals from each of the regressions will capture the response
inconsistencies between each item and the remaining items, based upon the responses that the indi-
vidual and others in the analytic sample provided on those remaining items.

I standardize the absolute values of these residuals to account for any differences across the items,
within the same scale, and then average these standardized residuals within scales. Finally, after stand-
ardizing each of these averages to take into account differences across scales (e.g., the different total
number of items, or answer options), I create a composite careless answering score by averaging
these standardized averages of residuals at the individual level7.

4Research has found that respondents tend to skip items that are sensitive in nature (Tourangeau and Yan, 2007). By aver-
aging item nonresponse over a set of survey modules covering a range of topics, I mitigate the possibility that the measure is
driven by one survey containing several sensitive questions.

5Obviously, respondents can choose to ignore the alert and continue answering subsequent items, hence the nonzero item
nonresponse rates.

6The life satisfaction and the well-being scales are from UAS2. The depression scale is in UAS20.
7See Hitt (2015) for additional technical details and explanation on this measure of careless answering.
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Tables 1 and 2 show summary statistics for careless answering measures as well as correlations with
self-reported measures of non-cognitive skills and cognitive ability. Careless answering is a standardized
measure and so the mean and standard deviation are not so informative. However, I observe a significant
range in values of careless answering behavior with some respondents giving well-predicted answers
(negative values) and others presenting higher unexpected responses (positive values). As it was also
the case in results presented in Zamarro et al. (2018), I find that careless answering is most correlated
with self-reported measures of neuroticism (positively correlated) and with self-reported measures of
conscientiousness and grit (negatively correlated). This result speaks to the construct validity of this
measure. Finally, I also observe a negative and significant correlation between careless answering and
the cognitive ability variable of about−0.2, indicating that this behavior is more common among respon-
dents with lower cognitive ability levels. In the next section, I explore the relationship between careless
answering, financial capability and retirement preparation along with the self-reported measures of grit
and personality traits, after controlling for cognitive ability differences across respondents.

2.2.2 The academic diligence task
I also collected data through a standard performance task, using an adaptation of the Academic
Diligence Task (ADT) (Galla et al., 2014). In the original task, a convenience sample of high school
students was given the option to perform simple math problems, which they were told to be beneficial,
or play computer games. Galla et al. (2014) found that the number of questions answered correctly and
the time spent on task were weakly but significantly correlated with students’ self-reported conscien-
tiousness and grit. Additionally, the number of correct answers and the time on task were also signifi-
cantly correlated with high school GPA, academic achievement, on-time high school graduation, and
college enrollment.

I adapted the ADT and collected data on a subsample of UAS respondents. First, respondents were
prompted about the importance of simple mental exercises and their potential role in preventing mental
diseases. Secondly, they were asked to choose five web pages, from a list of 23, that would be available dur-
ing the task, the distractors. Finally, respondents were asked to perform asmany verbal andmath problems
as possible in 10 min but allowed to take breaks to surf the web through their selected five web pages.

Tables 1 and 2 present descriptive statistics of the percentage of correct responses answered as well
as the percentage of total time they were on task. The big majority of respondents did not seem to be
tempted by the distractors, they took the task very seriously and devoted all or almost all their time to
perform the task. This lead to very high percentages of correct answers. As a result, there was a lack of
variation across respondents on their performance in the task leading to very small correlations with
self-reported non-cognitive skills. Given the low construct validity of the ADT in my sample, I do not
think this would be a meaningful measure of relevant non-cognitive skills in this case. As it turns out I
also found no correlation between ADT performance and financial capability or retirement prepar-
ation in my sample8.

2.3 Retirement preparation and financial capability measures

My analysis uses three sets of outcome measures with the aim to capture different dimensions of
respondents’ financial capability, consumer financial wellbeing, and retirement preparation. As part
of my measures of financial capability, I include respondent’s financial literacy scores based on respon-
dent’s responses to 20 questions developed to measure their financial knowledge (Knoll and Houts,
2012). Respondents then get scored on a scale of 0–20 representing the number of questions they
answered correctly. In that same survey module, respondents were also asked to self-report how
many questions they think they have answered correctly, from 0 to 20. This measure constitutes the
perceived financial literacy scale9. Finally, I include information about the respondent’s total value

8Results available from the authors upon request.
9The financial literacy score and perceived financial literacy measures were collected as part of UAS6.
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of assets, excluding the value of their secondary residence10, measured in 10,000’s of dollars, as
another measure of financial capability.

Consumer financial wellbeing, defined by the Consumer Financial Protection Bureau (CFPB) as the
level to which a person can fully meet current and ongoing financial obligations, can feel secure in
their financial future, and is able to make choices that allow them to enjoy life, is captured through
the CFPB financial well-being scale11. The scale is based on a set of 10 questions and a specific scoring
system by which a financial well-being score on a scale of 0–100 is provided, with higher scores repre-
senting higher levels of financial well-being12. In addition, I also use information on respondents’
reported credit scores and generated an indicator variable for the respondent reporting have a good
or excellent level of credit score (credit score above 700)13.

The final set of outcome variables aims to capture respondents’ reported levels of preparation for
retirement. In particular, I developed two indicator variables that capture if the respondent reported
being very well or somewhat prepared financially for retirement and whether the respondent has
thought and developed a plan for retirement through answering yes to both of the following questions:
‘In the past, have you ever tried to figure out how much your household should save for retirement?’
and ‘Have you ever tried to develop a plan for your retirement?’.14

Table 3 presents summary statistics for the outcome variables. Out of 20 financial literacy ques-
tions, on average, UAS respondents responded correctly to almost 14 questions while they perceived
they had responded correctly to 13 of such questions. On average, respondents report about $287,000
in their total value of assets. On a scale from 0 to 100, the average of the consumer wellbeing index in
my sample is about 54 points. Forty-nine percent of respondents report having good or excellent credit
scores, 22% report being financially prepared for retirement while only 13% report having thought
about and tried to develop a retirement plan.

2.4 Cognitive ability and other relevant information

There are multiple sources of information on cognitive ability in the UAS that I use in this analysis.
These include the Lipkus Numeracy Scale (Lipkus et al., 2001), responses to a Cognitive Reflection
Test (Frederick, 2005; Toplak et al., 2014), and a quantitative reasoning, picture vocabulary, and verbal
analogies battery from the Woodcock-Johnson Tests of Cognitive Abilities (Mather and Jaffe, 2016). I
combined information on all these scales to form a unique cognitive ability index using factor analysis
of the total number of correct responses in each of these tests. All scales loaded onto a unique factor
with relative equal size weights.15,16

Other relevant demographic controls included in the analysis include information about respon-
dent’s age, gender, ethnicity, whether born in the USA, region of residence (West, Midwest,
Northeast or South), whether the respondent is currently working, whether the respondent is currently
retired, education level (college degree, high school degree), and whether the respondent is currently
married or living together with a partner.

Table 3 presents summary statistics for demographic variables and the cognitive ability
measure included in the analysis. On average, respondents are about 47 years old, a majority are
working (61%), have a high school degree (50%) or a college degree (40%) and are born in the
USA (91%).

10This variable is obtained from the UAS-HRS public use dataset.
11This variable is obtained from UAS38.
12For more information see: https://www.consumerfinance.gov/data-research/research-reports/financial-well-being-tech-

nical-report/
13Information on credit scores is obtained from UAS48.
14Information to build these two indicator variables was obtained from UAS16 and UAS26.
15Information on the Lipkus Numeracy Scale and Cognitive Reflection Test were collected during the very first survey of

the UAS (UAS1), while the quantitative reasoning, picture vocabulary, and verbal analogies battery from the
Woodcock-Johnson Tests of Cognitive Abilities where collected during later survey modules in UAS42, UAS43, and UAS44.

16Results are available from the authors upon request.
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3. Studying the effect of non-cognitive skills on retirement preparation and financial capability

Next, I study the role of both self-reported measures of non-cognitive skills and measures of survey
effort, through item nonresponse and careless answering, on explaining financial capability and retire-
ment preparation. I estimate slight variations of the following linear regression model:

Y = b0 + b1Xi + b2 Non cognitive skillsi + gSi + 1i (1)

where Y is an outcomemeasure, as described above. β2 is the coefficient of interest representing the asso-
ciation between respondents’ non-cognitive skills and preparedness for retirement. My regressions
include the following alternative measures of non-cognitive skills: self-reported Big five personality traits,
self-reported grit measures, item non-response rates and measures of careless answering. Four sets of
separate regressions are obtained including each of these four alternative measures of different non-
cognitive skills. Xi includes relevant socio-economic background information, education level, work sta-
tus, marital status, and, importantly, cognitive ability. Finally, I also control for regional dummies col-
lected in gSi as a means of controlling for any unobserved differences across regions in the USA.

4. Results

Table 4 presents regression coefficients for the effect of non-cognitive skills on financial capability
measures. Columns one, three and five of Table 4, panel A, present the estimated effect of each of
the self-reported Big five personality traits. As can be seen, I fail to find a statistically significant effect
of self-reported conscientiousness on financial literacy scores or total value of assets. From the Big five
personality traits only openness to experience shows a small but statistically significant effect on finan-
cial literacy scores. A one point increase in openness is associated with about a 0.2 point increase in
the financial literacy score. Interestingly, all self-reported personality traits, except for openness to

Table 3. Summary statistics for outcome variables, demographic variables, and cognitive ability

Measure Mean Standard deviation Minimum Maximum

Financial capability
Financial literacy 13.84 3.08 0 20
Perceived fin. liter. 13.20 4.35 0 20
Tot. val. assets (10,000s) 28.75 107.31 −687.51 3607

Consumer financial wellbeing
Consumer fin. well. 53.99 12.88 14 95
Good or excellent credit. 0.49 0.50 0 1

Retirement preparation
Prepared retirement 0.22 0.42 0 1
Thought of retirement 0.13 0.34 0 1
Age 47.33 16.78 18 98
Female 0.52 0.50 0 1
Black 0.12 0.32 0 1
Hispanic 0.001 0.025 0 1
Other race 0.24 0.43 0 1
Born in USA 0.91 0.29 0 1
West 0.18 0.39 0 1
Midwest 0.08 0.28 0 1
Northeast 0.11 0.32 0 1
South 0.27 0.45 0 1
Working 0.61 0.41 0 1
Retired 0.19 0.31 0 1
High school degree 0.50 0.50 0 1
College 0.40 0.49 0 1
Married/living togeth 0.57 0.49 0 1
Cognitive ability-factor −0.10 1.00 −3.02 2.64

Note: Sample sizes range from 3,104 to 5,949. Summary statistics use population weights.
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Table 4. Financial capability and self-reported and survey effort measures of non-cognitive skills (OLS estimates)

Panel A (1) (2) (3) (4) (5) (6)
Variables Fin. Lit Fin. Lit Perc. Fin. lit Perc. Fin. lit Total assets Total assets

Cognitive ability 1.456*** 1.452*** 1.189*** 1.202*** 6.801*** 6.954***
(0.053) (0.056) (0.097) (0.095) (2.478) (2.678)

Conscientiousness −0.069 0.335** 4.230
(0.080) (0.149) (4.603)

Agreeableness 0.131 −0.343** −1.249
(0.085) (0.169) (4.013)

Neuroticism 0.037 −0.349*** −4.497
(0.059) (0.115) (3.474)

Extraversion −0.065 0.248** 2.454
(0.058) (0.107) (2.510)

Openness 0.198*** 0.116 2.732
(0.069) (0.138) (2.751)

Grit −0.024 0.434*** 4.904
(0.072) (0.135) (3.993)

Observations 4,381 4,048 4,037 3,741 2,846 2,799
Adjusted R2 0.469 0.459 0.271 0.274 0.0446 0.0432

Panel B (1) (2) (3) (4) (5) (6)

Cognitive ability 1.459*** 1.463*** 1.175*** 1.152*** 7.120*** 6.073**
(0.053) (0.053) (0.094) (0.094) (2.602) (2.513)

Item non-response −6.671*** −7.705 164.874***
(2.341) (7.449) (54.377)

Careless answering −0.094** −0.308*** −3.628**
(0.045) (0.093) (1.429)

Observations 4,395 4,395 4,046 4,046 2,856 2,856
Adjusted R2 0.469 0.469 0.265 0.265 0.049 0.044

Note: Demographic variables, educational attainment levels, and employment, and marital status included as controls.
Standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1.

540
G
em

a
Z
am

arro

https://doi.org/10.1017/S1474747219000064 Published online by Cambridge University Press

https://doi.org/10.1017/S1474747219000064


experience, are significantly associated with perceived levels of financial literacy. Conscientiousness
and extraversion are positively associated with perceived financial literacy levels while agreeableness
and neuroticism are negatively related. Columns two, four and six of Table 4, panel A, present the
results when self-reported grit is included as an explanatory variable in the analysis, instead.
Similarly to the results I observed for self-reported conscientiousness, a personality trait found to
be related to grit, I observe that self-reported grit does not show any statistically significant association
with financial literacy scores or the total value of asset measures. However, an increase of one point
in self-reported grit is associated with a 0.4 point increase in perceived financial literacy scores. The
fact that I fail to find a relationship between reported conscientiousness or grit and financial literacy
scores but find a relationship with perceived performance in the literacy test, goes in line with the
notion that correlated measurement errors could lead to overstated estimated relationships between
self-reported variables.

Table 4, panel B, presents the results for the survey effort measures. Columns one, three and five
present the results for measures of item non-response. In this case, I observe that a 1% increase in item
nonresponse is associated with a 0.07 statistically significant decrease in financial literacy scores. A
similar effect is found for perceived financial literacy levels but this effect is not statistically significant.
Surprisingly, I find that higher item non-response is associated with the higher value of total assets. A
1% increase is associated with about a $16,000 increase in assets. This result is contrary to what I
expected if item non-response were to be a good proxy for non-cognitive skills related to conscien-
tiousness and generates doubts about this measure being a good proxy for relevant non-cognitive skills
in this data. Finally, columns two, four and six of Table 4, panel B, present the results when careless
answering measures are used. Interestingly, in this case, I do observe small but statistically significant
effects of careless answering behavior not only on self-reported financial literacy but also on actual
financial literacy scores and the total value of assets. Note that careless answering, as it is a
performance-task measure, will not be affected by the correlated measurement errors problem
described above. A one standard deviation increase in careless answering is associated with a 0.09
decrease in financial literacy scores, a 0.3 decrease in perceived financial literacy and a $36,000
decrease in total value of assets. It should be stressed that these estimates are obtained after controlling
for cognitive ability, educational levels, and other relevant socio-demographic information. In that
respect, my estimates are conservative effects beyond the effect of cognitive ability and demographic
information. Overall, in all regressions, cognitive ability seems to be a significant driver of financial
capability and retirement preparation measures.

Table 5 presents results when financial wellbeing variables are used as dependent variables. Looking
at columns one and three of Table 5, panel A, I observe that self-reported conscientiousness is signifi-
cantly associated with financial wellbeing levels as well as the probability of reporting good or excellent
credit scores. An increase of one point in conscientiousness is associated with a 2.6 increase on the
CFPB financial wellbeing scale and a 6 percentage point increase in the probability of reporting
good or excellent credit scores. Neuroticism and extraversion are also found to be significantly asso-
ciated with CFPB financial wellbeing levels. A one point increase in reported neuroticism and extra-
version is associated with a 2.4 decrease and a 0.6 increase in the financial wellbeing scale, respectively.
Agreeableness and openness to experience, on the other hand, are found to be significantly correlated
with the probability of reporting having a good or excellent credit score. A one point increase in agree-
ableness or openness is associated with a three and a 4 percentage points decrease in the probability of
having a good or excellent credit score, respectively. Columns two and four of Table 5, panel A, show
the results for self-reported grit. In this case, I find that self-reported grit only shows a significant effect
on the CFPB financial well-being index but not on the probability of reporting a good or excellent
credit score. A one point increase in self-reported grit is associated with an almost four-point increase
in the financial well-being index. In contrast, as presented in columns two and four of Table 5, panel B,
careless answering is found to be correlated with both the financial well-being index and reporting
having good or excellent credit scores. A standard deviation increase in careless answering is associated
with an almost three-point decrease in financial wellbeing and a 5 percentage point decrease in the
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probability of reporting good credit. Item non-response rates were only weakly correlated with the
financial well-being index, as can be seen in columns one and three of this table.

Results for regressions of self-reported retirement preparation are presented in Table 6. Looking at
columns one and three of Table 6, panel A, I observe that, among the Big five personality traits, both
conscientiousness and extraversion are statistically significantly related to the probability of reporting
having prepared for retirement and having developed a retirement plan. A one-point increase in the
conscientiousness level is associated with an almost 6 percentage point increase and a 3 percentage
point increase in the probability of reporting having prepared for retirement and having developed
a plan, respectively. The effect of extraversion is somewhat smaller. A one-point increase in the extra-
version scale is associated with an almost 3 percentage point increase in the probability of having pre-
pared for retirement and a 1.5 percentage point increase in the probability of having developed a plan.
Agreeableness and neuroticism are also found to be correlated with reported retirement preparation
but their effect is negative. A one point increase in agreeableness and neuroticism is associated
with a 3 and a 2 percentage point decrease in the probability of having prepared for retirement,
respectively. Looking at columns two and four of Table 6, panel A, I observe that self-reported grit
is also significantly related to reported retirement preparation. A one-point increase in the grit
scale is associated with a 3 percentage point increase in the probability of both having prepared for
retirement and having developed a retirement plan. Careless answering is a behavior that is also
found to be correlated with these outcomes as it can be seen in columns two and four of Table 6,
panel B. However, the correlation is found to be bigger for the probability of reporting having prepared
for retirement than for the probability of actually having developed a plan. A one standard deviation
increase in careless answering behavior is associated with a 4.5 percentage point decrease in the prob-
ability of being prepared for retirement but only a 1.4 percentage point decrease in the probability of

Table 5. Consumer financial wellbeing and self-reported and survey effort measures of non-cognitive skills (OLS estimates)

Panel A (1) (2) (3) (4)
Variables Fin. Well. Fin. Well. Good/excell. credit Good/excell. credit

Cognitive ability 1.803*** 1.814*** 0.076*** 0.074***
(0.263) (0.274) (0.012) (0.011)

Conscientiousness 2.636*** 0.066***
(0.402) (0.018)

Agreeableness −0.543 −0.030*
(0.387) (0.018)

Neuroticism −2.391*** −0.011
(0.318) (0.013)

Extraversion 0.622** 0.010
(0.295) (0.013)

Openness −0.593 −0.040**
(0.371) (0.016)

Grit 3.834*** 0.021
(0.394) (0.017)

Observations 4,324 4,021 3,467 3,415
Adjusted R2 0.268 0.258 0.232 0.226

Panel B (1) (2) (3) (4)

Cognitive ability 1.576*** 1.376*** 0.074*** 0.067***
(0.256) (0.260) (0.011) (0.011)

Item non-response −71.306*** 0.315
(18.808) (0.534)

Careless answering −2.850*** −0.051***
(0.253) (0.010)

Observations 4,338 4,330 3,482 3,482
Adjusted R2 0.229 0.264 0.227 0.236

Note: Demographic variables, educational attainment levels, and employment, and marital status included as controls.
Standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1.
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having thought of a retirement plan. Item non-response presented no association with retirement
preparation variables.

5. Conclusions

As the population ages and increasing responsibility is in the hands of individuals on making sound
financial decisions for their future, understanding the factors that contribute to financial capability
and retirement preparation becomes increasingly important. In this paper, I explore the potential
role that non-cognitive skills could have on promoting financial wellbeing and retirement preparation.
Some prior research has highlighted their potential role but it has done so only using self-reported
measures, which could be affected by reference group bias and social desirability bias. In particular,
one would expect that in studies that use self-reported measures of non-cognitive skills and self-
reported outcomes, like the ones described above, correlated measurement error may lead to upward-
biased estimates of the estimated relationships. Using data from the UAS, I further study the role of
non-cognitive skills on financial capability and retirement preparation, not only using self-reports but
also exploring innovative alternative measures of non-cognitive skills based on survey effort.

I argue that questionnaires themselves can be seen as performance tasks, such that measures of sur-
vey effort can lead to meaningful measures of non-cognitive skills. As respondents are typically
unaware that they are being assessed on survey effort, these measures are not affected by reference
group bias and social desirability bias that affect self-reports. In particular, I studied measures
based on item nonresponse rates and careless answering behaviors. My results for item nonresponse
rates show how the construct validity of these measures could be affected by survey design decisions.
Item nonresponse is discouraged in the UAS. If respondents leave an answer blank, this triggers a

Table 6. Retirement preparation and self-reported and survey effort measures of non-cognitive skills (OLS estimates)

Panel A (1) (2) (3) (4)
Variables Prep. Retire. Prep. Retire. Thought Ret. Thought Ret.

Cognitive ability 0.020** 0.021** 0.037*** 0.042***
(0.009) (0.010) (0.007) (0.008)

Conscientiousness 0.058*** 0.034***
(0.013) (0.011)

Agreeableness −0.032** 0.005
(0.013) (0.011)

Neuroticism −0.021** 0.011
(0.010) (0.009)

Extraversion 0.026** 0.015*
(0.011) (0.008)

Openness −0.012 0.008
(0.013) (0.011)

Grit 0.032** 0.033***
(0.014) (0.011)

Observations 4,566 4,062 4,566 4,062
Adjusted R2 0.195 0.183 0.143 0.142

Panel B (1) (2) (3) (4)

Cognitive ability 0.019** 0.011 0.035*** 0.034***
(0.009) (0.009) (0.007) (0.007)

Item non-response 0.691 −0.180
(0.476) (0.240)

Careless answering −0.045*** −0.014**
(0.008) (0.006)

Observations 4,579 4,512 4,579 4,512
Adjusted R2 0.185 0.193 0.139 0.140

Note: Demographic variables, educational attainment levels, employment, and marital status included as controls.
Standard errors in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1.
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screen that reminds them of the importance of their answers and asks them to return and provide a
response. Since respondents know that, they may be tempted to provide a less than thoughtful answer
rather than leaving a question unanswered. I believe this could have contributed to the finding that
item nonresponse does not appear to be a good proxy for relevant non-cognitive skills in the UAS.
In contrast, measures of careless answering showed promise to be good proxy measures of non-
cognitive skills related to conscientiousness and neuroticism.

For comparison, I also collected data on a standard performance task, with an adaptation, for the
adult population, of the ADT. My results, however, showed the difficulty of adapting the ADT to a
different context and population. Future research is needed to better design standard performance
task measures that could work in an internet panel like the UAS. Alternatively, researchers could fur-
ther exploit the context of internet panels and explore the use of other metadata information as poten-
tial proxies for relevant non-cognitive skills. For example, Soland (2018) shows how rates of rapid
guessing in achievement tests were related to socio-emotional outcomes. Rapid guessing could also
be studied in the UAS. Cheng et al. (2018) studied the potential of paradata at recruitment, e.g., num-
ber of reminders respondents needed before enrolling in the panel, as proxy measures of personality
traits. However, more research is needed to explore the validity of these alternative proxy measures.

Finally, I explore the relationship between self-reported measures of non-cognitive skills, survey
effort measures and measures of financial capability, financial well-being, and retirement preparation.
My results show that both self-reported measures of non-cognitive skills, as well as careless-answering
behaviors, are important determinants of the level of financial capability and retirement preparation
among UAS respondents, even after controlling for cognitive ability and relevant demographic infor-
mation. Cognitive ability was found to be an important and significant predictor of all measures of
financial capability and retirement preparation. These results highlight the importance of considering
cognitive ability but also psychological factors when designing targeted policies that aim to improve
the level of financial capability and retirement preparation in the population.

I acknowledge several limitations. The validity of my results lies on the assumption that low survey
effort is not translating necessarily in systematically different reports of the outcome and personality
measures. Personality measures were collected in the very first survey respondents take (UAS1) in
which respondents appear to put forward more effort, for instance, item response rates were very
high at 98%. Respondents likely exhibited more diligence on the first survey module, assuaging con-
cerns that self-reported measures of non-cognitive traits are distorted by low survey effort or other
sources of bias. This feature helps in to strengthen the validation exercise. The rest of outcome mea-
sures, however, come from different survey modules and so I still have to assume measurement error is
not systematic to affect the results. It would be good if in future work researchers are able to obtain
outside measures of outcome variables to assess this assumption. Finally, my survey effort measures
are based on observing respondent’s behavior over multiple survey modules. I do so because I aim
to identify a behavioral pattern independent of a specific survey topic and less affected by random fluc-
tuations. However, personality traits could also be related to the probability of completing more survey
modules in the panel and be part of my sample. Cheng et al. (2018) found that both conscientiousness
and openness to experience predicted the incidence of unit nonresponse in subsequent survey mod-
ules. In this sense, it is possible that my sample of respondents is more conscientious and open to
experience than the average population. However, I believe this would only make it harder for me
to find the significant effects I do find.
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