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Shorter can be better: Balancing length and predictive power when 
measuring noncognitive skills to predict academic outcomes 

Shuaizhang Feng a, Yu Gan a, Yujie Han a,*, Tim Kautz b 

a Institute for Economic and Social Research, Jinan University, No. 601, West Huangpu Avenue, Guangzhou 510632, China 
b Mathematica, Inc., Princeton, NJ 08540, USA   

A R T I C L E  I N F O   

JEL codes: 
C83 
I20 
Keywords: 
Abbreviated surveys 
Big Five 
Predictive power 
Noncognitive skills 
Personality traits 

A B S T R A C T   

We develop shorter versions of a Big Five survey designed to measure students’ noncognitive skills and predict 
students’ later academic outcomes. We find that measures with fewer items can better predict students’ out-
comes, suggesting that using shorter versions of a Big Five Inventory may be cost-effective in large-scale social 
surveys.   

1. Introduction 

Recent evidence demonstrates that noncognitive skills—such as 
persistence and self-control—predict later life outcomes and can be 
shaped by interventions (Heckman et al., 2021). These findings have 
generated widespread interest in measuring noncognitive skills to track 
students’ progress in schools (Feng et al., 2022; Kautz et al., 2021), 
evaluate the impacts of interventions (Heckman et al., 2013), assess 
school performance for accountability purposes (West et al., 2018), and 
investigate the development of human capital (Cunha et al., 2010). 
Noncognitive skills are typically measured using surveys in which re-
spondents rate their skills (Duckworth and Yeager, 2015). However, 
such surveys are often long, making them costly and burdensome to 
administer, leading to efforts to develop shorter versions of the surveys. 
For example, several widely used surveys in economics—including the 
National Longitudinal Study of Youth 1997 and German Socio-Economic 
Panel—used abbreviated measures of noncognitive skills.1 

Past efforts to shorten surveys of noncognitive skills have focused on 
selecting a subset of items that perform well based on the internal 

psychometric properties of the items or other subjective considerations 
rather than selecting items that best predict later outcomes (Gosling 
et al., 2003; Soto and John, 2017b). However, predictive power matters 
more than other psychometric properties for many practical applica-
tions. For example, many interventions are designed to improve 
noncognitive skills to boost future outcomes, such as academic perfor-
mance or educational attainment (Kautz et al., 2014). If the noncogni-
tive measures used to evaluate interventions are unrelated to such 
outcomes, they will not provide a way to assess whether the intervention 
works as intended. Predictive power is also essential when using 
noncognitive measures to identify whether students are at risk of poor 
future outcomes (Kautz et al., 2021). For reasons like these, past 
research has highlighted the need to develop measures of noncognitive 
skills that predict a variety of students’ outcomes (McAbee and Oswald, 
2013). 

In this note, we use longitudinal data to develop shorter measures of 
noncognitive skills with a focus on predicting students’ academic out-
comes. We use a 60-item survey that measures a commonly used set of 
noncognitive skills called the Big Five, which some describe as the 
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“longitude and latitude” of personality (noncognitive) skills (Costa and 
McCrae, 1992). To develop shorter measures, we selected items from a 
student survey of the Big Five to maximize predictive power for stu-
dents’ academic outcomes measured one year later. We focus on how the 
predictive power relates to the number of items. This relationship is 
relevant because researchers and practitioners face limited time to 
administer surveys of noncognitive skills, so they frequently decide the 
number of survey items to use based on whether the benefits of including 
more items outweigh the costs. 

We address the following questions: (1) To what extent do noncog-
nitive measures based on student-self reports of varying lengths predict 
academic outcomes? (2) Which survey items lead to the most predictive 
measures? We find that the predictive power of noncognitive measures 
displays an inverted U-shaped pattern as a function of the number of 
items, suggesting that employing shorter measures of noncognitive skills 
may improve the predictive power of academic outcomes. The approach 
we adopt could be applied in other settings to select items when 
designing surveys. 

2. Research design 

2.1. Data 

Our analysis uses the Longitudinal Study of Children’s Development 
(LSCD), which was designed to track children’s development in a pre-
dominantly rural county in China (Mianzhu) through school adminis-
trative data and surveys of students, their guardians, and teachers. We 
used measures of students’ noncognitive skills based on student reports. 
Students completed the Big Five Inventory-2 (BFI-2) (Soto and John, 
2017a). The BFI-2 includes 12 items to measure each dimension of the 
Big Five: openness to experience (openness), conscientiousness, extra-
version, agreeableness, and emotional stability (or neuroticism).2 The 
LSCD translated the original surveys into Mandarin. To ensure that the 
translated survey items performed well, the LSCD pretested the surveys 
with 469 students and made minor adjustments. 

To assess the predictive power of the noncognitive measures, we 
focus on academic outcomes, drawing on administrative data on stu-
dents’ scores on semiannual Chinese and math exams.3 In particular, we 
use the average Chinese and math scores measured one or two years 
after the noncognitive measures. In the Online Appendix, we present 
similar results for behavioral outcomes measured by teachers’ reports on 
students’ learning ability and mental health status. 

We used five waves of the LSCD survey that span from 2017 to 2021 
(Table 1). The baseline survey was conducted in 2017, covering around 
6,000 students in grades four to six. In 2018, the LSCD followed the 

sampled fifth- and sixth-grade students and added another cohort of 
fourth-grade students. Follow-up surveys were conducted from 2019 to 
2021 for selected cohorts of students. The total sample includes 12,941 
student-year observations of students aged between ten and sixteen. The 
sample sizes for our analyses vary based on the availability of the survey 
and administrative data. 

2.2. Methods 

To develop predictive, student-reported measures of the Big Five, we 
selected items from the student survey to maximize the predictive power 
for academic outcomes measured one year later. Our analysis followed 
four steps (Fig. 1). 

3. Results 

When selecting Big Five items to best predict academic achievement 
after one year, the predictive power (R-squared coefficient) of the 
resulting measures displays an inverse U-shaped pattern as a function of 
the number of items (Fig. 2). As the number of items increases, the 
predictive power first increases and then decreases. Depending on the 

Table 1 
Timing and grade of the survey administration for the Longitudinal Study of 
Children’s Development (LSCD).   

Grade during each survey year 
Cohort 2017 2018 2019 2020 2021 

Grade 4 in 2017 Grade 4 Grade 5 Grade 6   
Grade 5 in 2017 Grade 5 Grade 6   Grade 9 
Grade 6 in 2017 Grade 6   Grade 9 Grade 10 
Grade 4 in 2018  Grade 4 Grade 5 Grade 6 Grade 7 

Notes: After the initial survey for each cohort, the sample includes students who 
progressed through the grades as expected. 

Fig. 1. The four steps of the analysis.  

2 The Big Five are defined as follows: openness is the tendency to be curious 
and pursue intellectual interests; conscientiousness is the tendency to be 
hardworking and organized; extraversion is the tendency to be outgoing and 
sociable; agreeableness is the tendency to be unselfish and friendly; and 
emotional stability is the tendency to have consistency in emotional reactions.  

3 The academic outcomes are based on an average of the scores across the two 
exams. The behavioral outcomes were measured on five-point Likert scales. 
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Big Five skill, the predictive power for future outcomes was maximized 
with three to five items from the student survey.4 These findings suggest 
that, when selecting items to predict academic achievement, shorter 
surveys that use the most predictive items can outperform longer ones. 

When we use the resulting student measures to predict academic 
achievement measured at least two years later, the predictive power 

displays a similar U-shaped pattern as a function of the number of items 
(Fig. 3). Depending on the dimension of the measures, the predictive 
power of the student-reported measures was maximized with between 
two and five items. These results help rule out that the selected items 
displayed in Fig. 2 were only predictive due to an artifact of the out-
comes data collected after one year. 

We conduct some sensitivity analyses and find similar results when 
using (1) students’ average academic achievement measured at least two 
years later to select items (see Figs. A1 and A2 in the Online Appendix); 
(2) a cross-validation approach to select and test the student measures 

Fig. 2. Predictive power of student-reported measures of noncognitive skills with varying numbers of items for academic achievement measured one year later. 
Notes: This graph displays the (adjusted) R-squared coefficients from an OLS regression of academic achievement on each dimension of student-reported noncog-
nitive skills, as well as the five skills together, based on items from the Big Five Inventory-2 (Soto and John, 2017a). The outcome is an average score in Chinese and 
math collected through administrative records one year later. The number of observations is 12,941. 

Fig. 3. Predictive power of the items selected in Fig. 2 for academic achievement measured two years later. 
Notes: This graph displays the (adjusted) R-squared coefficients from an OLS regression of academic achievement on each dimension of student-reported noncog-
nitive skills, as well as the five skills together, based on items selected in Fig. 2 and Table A1 in the Online Appendix. The outcome is an average score in Chinese and 
math collected through administrative records at least two years later. The number of observations is 12,941. 

4 See Table A1 in the Online Appendix for a list of which items performed 
best for each possible number of items and Big Five skill. 
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with varying numbers of items (see Fig. A3 in the Online Appendix); and 
(3) other future outcomes (Chinese score, math score, learning ability, 
and mental health) to select items (see Figs. A4–A7 in the Online 
Appendix). 

4. Conclusion 

This is the first empirical study to develop and assess shorter mea-
sures of the Big Five noncognitive skills designed to predict later out-
comes. We find that the predictive power of the resulting self-reported 
measures generally exhibited an inverted U-shaped pattern as a function 
of the number of items. Measures with between two to five items tended 
to perform well for the academic outcomes we examined. 

The U-shaped pattern may have arisen through two competing fac-
tors. First, if each item measures the same skill, adding items generally 
reduces measurement error, increasing the estimated predictive power. 
Second, if the items for a given skill capture different facets of that skill 
with varying relationships to the outcomes, then adding items with 
weaker relationships to the outcome could reduce the predictive power. 
This second factor is consistent with previous evidence that shows that 
facets of individual Big Five skills can have opposing relationships with 
outcomes (Rustichini et al., 2016). These two factors might have 
counterbalanced one another. Adding more items may have first 
reduced measurement error but eventually led to a less predictive 
measure because it included items with weaker relationships to the 
outcomes. 

Our findings suggest that using abbreviated measures of noncogni-
tive skills may improve the predictive power for academic outcomes, 
which is consistent with other research (Ziegler et al., 2014). Using 
shorter measures may also have practical advantages, including 
reducing costs and burden and increasing response rates (Edwards et al., 
2002). Our supplementary analysis of behavioral outcomes suggests 
similar patterns. Our approach to selecting survey items could be 
applied much more broadly to many other contexts where researchers 
must balance the predictive power of survey-based measures with the 
length of surveys. Future research could explore how this approach 
works in such contexts. 

Supplementary materials 

Supplementary material associated with this article can be found, in 

the online version, at doi:10.1016/j.econlet.2024.111598. 
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