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Abstract: Figural reasoning as an indicator of fluid intelligence and the domains of the Five
Factor Model were explored as predictors of scholastic performance. A total of 836 Chinese
secondary school students (406 girls) from grades 7 to 11 participated. Figural reasoning, as
measured by Raven’s Standard Progressive Matrices, predicted performance in Math,
Chinese, and English, and also for a composite score. Among the personality domains,
Openness had a positive effect on performance for all subjects after controlling for all the
other variables. For Conscientiousness, the effects were smaller and only significant for
Math. Neuroticism had a negative effect on Math grades. The effects of Extraversion on all
grades were very small and not significant. Most importantly, hierarchical latent regression
analyses indicated that all interaction effects between Openness and figural reasoning were
significant, revealing a compensatory interaction. Our results further suggest that scholastic
performance basically relies on the same traits through the secondary school years. However,
importance is given to interaction effects between ability and personality. Implications along
with limitations and suggestions for future research are discussed.
Keywords: fluid intelligence; Five Factor Model; Openness to Experience; scholastic
performance; latent interaction effect; personality-intelligence interface
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1. Interaction Effects between Openness and Fluid Intelligence Predicting Scholastic Performance
Educational success plays an important role in students’ future opportunities and success in later life [1].
Although general intelligence is known to be the strongest predictor of educational and scholastic
performance [2–4], other research has identified several non-cognitive factors that are of importance as
well, e.g., motivation, school anxiety, and interests, but especially the Five Factor Model (FFM) of
personality [5–11]. Across different levels of education, the domains of the FFM have been shown to
contribute to the prediction of performance independent of intelligence [12,13]. Moreover, small-sized
correlations between intelligence and personality traits have consistently been reported [12,14]. Therefore,
it is reasonable to look at intelligence and the domains of the FFM simultaneously in order to control for
their shared variance and to identify specific contributions to performance.
Most previous studies addressing the prediction of scholastic performance have been conducted in
Western cultures, and little is known about effects in other cultures (e.g., Asian cultures). This is
especially important because previous intercultural research has reported systematic differences between
Asian and Western students from preschool to college. For example, Chinese people are reported to put
more emphasis on hard work compared to innate ability, and believe that knowledge depends on
accumulation. Moreover, Chinese students are also reported to believe that success comes from hard
work, and show higher achievement motivation than their Western peers [15–17]. Considering these
differences, it can be assumed that the effects regarding scholastic performance reported in Western
cultures do not necessarily replicate in Chinese samples. Consequently, the present study aimed at
examining the explanatory power of intelligence and the domains of the FFM on scholastic performance
in a Chinese sample, and further exploring their potential interactions [18–20].
1.1. Fluid Intelligence and Scholastic Performance
In order to understand the influence of intelligence on scholastic performance, it is important to
clarify the distinction between fluid intelligence (Gf) and crystallized intelligence (Gc) [21–23].
Fluid intelligence (Gf) is defined as “the use of deliberate mental operations to solve novel problems
that cannot be performed as a function of simple memorization or routine behavior” [24]. Also, Gf is
considered as a very good proxy for general intelligence (g) [25,26], and is often measured with tests
such as the Progressive Matrices or Cattell’s Culture Fair test [27,28]. Many prior studies mainly focused
on the prediction of mathematics performance and showed that broad cognitive abilities (i.e., fluid
reasoning, Gc, and processing speed) were important predictors, speaking to the cognitive complexity
of mathematics [29,30]. However, there is also evidence that the effect of intelligence on scholastic
performance varies across different subjects. For example, Spinath et al. [10] used a sample of German
primary school students and reported that g was the strongest predictor in three subjects (i.e.,
Mathematics, Science, and English), and even the only significant predictor in Science when compared
to non-cognitive factors (i.e., domain-specific self-perceived ability and intrinsic values). Lu et al. [8]
measured working memory as another cognitive predictor and found that it explained more variance in
Math, while figural reasoning, as an indicator of Gf, explained more variance in Chinese in a sample of
Chinese primary school students. Those authors also showed that the total amount of variance explained
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in Math was substantially larger than for Chinese. Consequently, the present study will include grades
from different subjects as an indicator of Gf.
1.2. Personality and Scholastic Performance
Across different levels of education, personality has been shown to contribute independently to the
prediction of academic performance above and beyond intelligence [7,9,11,18,31–36], which was
summarized in recent meta-analyses [12,13,37,38]. Among the FFM domains, Conscientiousness is
consistently identified as an important predictor of performance [5,7,12,13,38]. Conscientiousness
reflects a tendency to be purposeful, organized, reliable, determined, and ambitious [39], all of which are
believed to be important for performance in work and academic settings [40,41]. After Conscientiousness,
meta-analyses have shown that Openness also significantly predicted performance at the secondary and
tertiary level (ρ = 0.12 and ρ = 0.09) [12], which was often interpreted in terms of the positive correlation
between Openness and intelligence. By contrast, the results of the relations between academic
performance and the other three FFM domains are relatively weak or inconsistent. Agreeableness is
characterized by altruism, cooperation, and trust [39]. Meta-analyses indicate that Agreeableness had
slightly lower correlations with performance at the secondary and tertiary level (ρ = 0.05 and ρ = 0.06) [12],
which was interpreted in terms of cooperation within learning processes [38]. Neuroticism was reported
to have a weak negative relation to scholastic performance [5,7,41], as neurotic students are thought to
experience more negative affect and anxiety, reducing learning motivation [42] and impairing scholastic
performance. However, other studies reported no or even positive effects [43–46]. For Extraversion, a
positive correlation with performance was reported in elementary school but became negative when kids
grew older [47–49]. This might be due to the two components of Extraversion: Ambition (referring to
the need for dominance) and Sociability (referring to the need for affiliation). Especially the latter aspect
of Extraversion may bring students to devoting time to socializing rather than studying.
Similar to what has been found for intelligence, relations between the FFM and scholastic
performance were also subject-specific [9,18]. For instance, Neuroticism was found to predict grades in
Math, Science, and foreign languages, but not in students’ native language [18]. Furthermore, Spinath,
Freudenthaler, and Neubauer [9] found that Conscientiousness and Neuroticism were important for Math
achievement, but Extraversion was important for language achievement. It is important to note that these
subject-specific effects might also explain some of the mixed results reported before.
1.3. Intelligence and the Domains of the FFM
A substantial body of literature has demonstrated complex relations between intelligence and
personality [12,14,50]. Ackerman and Heggestad [14] reported small-to-moderate correlations between
intelligence and Openness to Experience (ρ = 0.33), Neuroticism (ρ = −0.15), and Extraversion
(ρ = 0.08). Weaker correlations were reported with Conscientiousness (ρ = 0.02) and Agreeableness
(ρ = 0.01). Another meta-analysis by Poropat [12], only using student samples, found small correlations
between the FFM and intelligence (i.e., Agreeableness, ρ = 0.01; Conscientiousness, ρ = 0.03; Emotional
Stability, ρ = 0.06; Extraversion, ρ = −0.01; Openness, ρ = 0.15). Because of these overlaps, it seems
important to control for shared variance between the traits in order to identify specific effects.
Surprisingly, very few studies have included both intelligence and personality measures to predict
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scholastic performance [5,7,18,33,35]. Besides focusing on the additive effects of intelligence and the
FFM, other researchers proposed the idea of interaction effects between ability and personality.
1.4. Interaction Hypotheses
Very early [51] on, it was already proposed that performance might be determined by factors relating
to the capacity to perform (i.e., knowledge, skills, and intelligence), the opportunity to perform, which
is affected by environmental constraints such as socioeconomic resources, and the willingness to perform
(i.e., motivation, cultural norms, and personality) [12,52,53]. In other words, the willingness to perform
does not automatically follow from the ability to perform. Thus, intelligence and personality variables
might enhance or buffer their respective impact on scholastic performance. Zeidner [54] contended that
Conscientiousness might increase while Neuroticism might decrease the correlation between
intelligence and performance. As mentioned, this general idea of an interaction between ability and
personality can be traced back to early work performance models [51,55–58], which state that job
performance is an interactive function of motivation and ability. Denissen and Penke [59] suggested that
motivational reaction norms underlie the FFM. For Conscientiousness they hypothesized differences in
the tenacity to pursue goals under difficult circumstances as the motivational root. This clearly reflects
the notions by Zeidner [54]. Thus, based on the ideas by work psychologists and the theoretical
assumptions by Denissen and Penke, it could be assumed that Conscientiousness enhances the impact
of intelligence when predicting scholastic performance. This idea was supported in a study by Ziegler,
Knogler, and Bühner [60]. Prior research also points to a specific interaction between Openness and
intelligence. Ziegler, Danay, Heene, Asendorpf, and Bühner [20] developed an integrative model of
Openness, Gf, and Gc describing the complex interplay between those three traits. Those authors also
found that Openness decreased the impact of fluid ability on grades that was used as a proxy for Gc.
Unfortunately, no subject-specific analyses were conducted in either study. Moreover, the studies were
conducted in a Western culture. Thus, the current study aimed at replicating the effects in a Chinese
setting while also differentiating school subjects.
1.5. Aims of the Study
The aim of this study was to document the influences of Gf and the domains of the FFM on scholastic
performance in a sample of Chinese secondary school students. Moreover, we extended previous
research by focusing on interactive effects. Due to the practical and logistical limitations of a field study,
we chose to measure figural reasoning as an indicator of Gf.
On the basis of the literature overview, we will test the following hypotheses:
Hypothesis 1: Effect of figural reasoning as an indicator of Gf on scholastic performance.
Controlling for other variables (FFM, possible interaction with FFM, age, gender), figural reasoning
(as an indicator of Gf) is positively related to the performance in all three subjects (Chinese, Math,
and English).
Hypothesis 2: Effect of the domains of the FFM.
Controlling for other variables (figural reasoning, possible interaction with figural reasoning, age,
gender), the domains of the FFM are related to the performance in the three subjects. We expect a
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positive effect of Conscientiousness and Openness for all three subjects, of Extraversion for Chinese and
English, and a negative effect of Neuroticism for Math and English.
Hypothesis 3: Moderation effects (interaction between figural reasoning and the domains of the FFM).
We expect that Conscientiousness has an enhancing effect and that Openness and Neuroticism have
a buffering effect. Conscientiousness will make the effect of figural reasoning on performance stronger.
If Openness is high, figural reasoning will not add much, and neither is figural reasoning expected to
help when Neuroticism is high.
2. Method
2.1. Sample and Procedure
Students were surveyed at the beginning of their new semester (February 2013). A total of 836
Chinese secondary school students (girls = 406, M = 15.35, SD = 1.31 years) from grades 7 to 11 from
five middle and high schools in the Fujian province took part in the study. Participants were offered
detailed feedback as an incentive. All the assessments took place during regular class hours.
Participants first had to provide some demographic information and then completed a figural reasoning
test and a FFM questionnaire within two weeks. Midterm school grades in Math, Chinese, and English
were collected from the teachers following the end of the courses three months later.
2.2. Measures
2.2.1. Scholastic Performance
Students’ scholastic performance was based on the test scores from their midterm examinations in
Math, Chinese, and English. Grades range from 0, the worst grade, to 150, the very best, with grades
lower than 90 indicating insufficient performance. In the Chinese education system, midterm
examinations are an important test for school students. All teachers teaching the same subject in the
same grade of secondary school (usually three to four teachers) prepare test items according to what
their students were supposed to have learned during the first half of the semester. The same teachers
later correct and mark the tests. Importantly, the whole process is anonymous, i.e., teachers do not know
which student they are grading. The contents that were tested differ across subjects: In Math, greater
emphasis is placed on the processing of number information, application of arithmetic rules, and problem
solving using arithmetic facts. In China, school textbooks in English are designed to teach grammar,
vocabulary, and reading with less emphasis on listening, speaking, and writing. In addition, oral
components are not manifested in the examinations at all, but are only part of regular class. In Chinese,
teachers emphasize the mastering of grammar and sentence rules, as well as reading comprehension
and writing.
2.2.2. Figural Reasoning
Raven’s Standard Progressive Matrices (SPM) [61] were used to assess students’ figural reasoning
as an indicator of Gf. This test is a measure of pure nonverbal reasoning ability, which is relatively
independent of specific learning acquired in particular cultural or educational contexts [62]. The SPM
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comprises five sets (A to E) of 12 items each (i.e., A1 to A12) with increasing difficulty across the items
within a set. For each item, participants are asked to identify the missing element that completes a matrix
from a number of options printed below [59]. The test can be used across a wide age range. In the current
study, the reliability estimate for the specified latent variable was McDonald’s Ωw = 0.97 [63,64].
2.2.3. Domains of the FFM
The Chinese version of the NEO-Five-Factor-Inventory (NEO-FFI) is a measure of 60 items assessing
Neuroticism, Extraversion, Openness, Agreeableness, and Conscientiousness (12 items per domain).
Participants indicate the extent to which they agree or disagree with each item on a five-point scale
ranging from 1 (totally disagree) to 5 (totally agree). In the current study, reliability estimates for the
specified latent variables (Ωw) were: 0.83 (Neuroticism), 0.81 (Extraversion), 0.67 (Openness), 0.63
(Agreeableness), and 0.82 (Conscientiousness), which is in line with other Chinese studies using the
same scales [65,66].
2.3. Statistical Analyses
First, we computed zero-order correlations between all sum scores of the variables involved in this
study using R [67]. Second, to test Hypotheses 1 to 3 for each of the three school subjects and for the
composite of the three (Grade Composite), structural equation modeling was used. For the interaction
hypotheses, an interaction effect was added based on latent moderated structural equations (LMS) as
outlined by Klein and Moosbrugger [68], which is more robust compared to ordinary least squares
regressions. The latent variables corresponding to the five personality domains and to the three subjects
are defined on the basis of item parcels, as will be explained. For the Grade Composite, the grades for
Math, English, and Chinese were used as indicators. Third, we have also performed a regression analysis
with ordinary least squares with the observed grade scores of the three subjects as dependent variables
to double-check the results from the structural equation modeling (SEM) approach. Because the ordinary
least squares results are very similar to the SEM results, only the latter will be reported (see Table A
in Appendix).
All analyses were conducted in two steps. In step 1, figural reasoning, the FFM domains, age and
gender were entered in the model. For the SEM analyses, figural reasoning and the FFM domains were
latent variables, and for the ordinary least squares analyses, they were sum scores. In step 2, the
interaction terms were added, following the latent moderator approach in case SEM was used. Because
this SEM procedure has two steps, we use the term “hierarchical latent regression”. For the ordinary
least squares procedure, it is a regular hierarchical regression. This second step was repeated five times,
for the interaction of each of the five personality domains with figural reasoning. It has to be noted that
there are no regular fit indices available for the models containing latent interaction terms. Thus, these
models were compared with the respective preceding model (i.e., the one without the latent interaction
term) using a Chi-square difference test (χ2) based on log-likelihood values and scaling correction factors
obtained with a robust maximum likelihood estimator (MLR) [69]. In addition, the Bayesian Information
Criterion (BIC) was used to compare nested models. All other models were evaluated based on the
Comparative Fit Index (CFI), the Standardized Root Mean Square Residual (SRMR), and the Root Mean
Square Error of Approximation (RMSEA) with a 90% confidence interval [70–74]. We deemed the fit
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to be acceptable with cut-offs of CFI ≥ 0.90, RMSEA ≤ 0.08, and SRMR ≤ 0.06 [75]. Models with lower
BIC values are expected to be more parsimonious and better-fitting when compared with other nested
models [76]. We applied full information maximum likelihood estimation (FIML) to deal with missing
values [77]. In addition, a robust estimator was used to deal with violations of the multivariate normal
distribution (MLR), along with academic level as a stratification variable to correct for the nested data
structure due to different academic levels. Standardized regression coefficients are not provided by
Mplus [78] for LMS models. Following the suggestion by Klein and Moosbrugger [68], standardized
beta coefficients were obtained by standardizing the data prior to analyses. Finally, for the latent
moderation models from step 2, a procedure outlined by Preacher, Curran, and Bauer [79] was used to
obtain interaction plots if the moderation effect was significant. Thus, specific values for the (centered)
moderator were entered into a regression equation to assess the effect of figural reasoning on school
grades at specific conditional values of the moderator (i.e., the mean, 1 SD above and 1 SD below the
mean; see [80]).
In order to define latent variables for figural reasoning and the FFM, we first tested measurement
models. Each of the latent variables was represented by three parcels [81]. In order to construct the
parcels, we conducted a series of single factor analyses for each latent construct except for figural
reasoning. When parceling the items for the FFM domains, we allocated each of the three items with the
highest loadings to one parcel. The next three highest-loading items were allocated likewise but in a
reverse order starting with parcel 3 and so on. Using these three parcels as indicators of a latent variable
yields a just-identified model. Such models have zero degrees of freedom and thus, by definition, a
perfect model fit: CFI = 1.00, RMSEA = 0.00, SRMR = 0.00. According to Brown [82], such models
can still be evaluated in terms of the interpretability and strength of their parameter estimates. As for
figural reasoning, three parcels were built representing the three factors underlying the SPM suggested
by Lynn, Allik, and Irwing [83]. Our results showed that factor loadings in all measurement models were
significant (p < 0.001), ranging from 0.23 to 0.59 1.
3. Results
3.1. Missing Data Analysis
A significant Little’s Missing Completely at Random test, χ2 (144) = 252.60, p < 0. 05, indicated our
missing data were not missing completely at random [84]. However, as recommend by Schafer and
Graham [85], multiple imputation or FIML are preferable to deal with missing data compared to
casewise or listwise deletion with less than 5% missing data, which was the case here. It is also important
to note that participants who had missing data did not differ significantly from those who had no missing
data along any of the variables under study. Therefore, we decided to use FIML to deal with missing data.

1

In order to decide whether an item parcel loaded appropriately on its respective factor, we used a cut-off of 0.40 for
standardized factor loadings [86]. In our study, most of the standardized factor loadings were close to or larger than 0.40,
except for some indicators of Openness and Agreeableness that were slightly lower than 0.40.
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3.2. Correlational Analyses
Descriptive statistics, reliability estimates, and zero-order correlations between all sum scores are
reported in Table 1. As can be seen, figural reasoning was most strongly associated with Math and
English grades but only had a small correlation with Chinese grades. Regarding the FFM domains,
Conscientiousness and Openness displayed significant and small-to-moderate correlations with Math,
Chinese, and English grades. Neuroticism was negatively associated with Math grades only, whereas
Extraversion was positively associated with Chinese grades only. Gender and age displayed
small-to-medium correlations with figural reasoning, personality, and school grades in Math, Chinese,
and English.
3.3. Latent Moderated Structural Equation Modeling
Table 2 shows acceptable model fits for all models, and Table 3 shows the estimates for the analyses
without and with the moderator effect. Because the moderation was only significant for Openness, only
the estimates for the models with a moderator effect of Openness are shown.
Hypothesis 1 was supported in all models. Thus, figural reasoning predicted performance for all
grades and for the composite. Hypothesis 2 was confirmed for Openness. Openness had a positive effect
on performance for all subjects. For Conscientiousness, the effects were clearly smaller and, at the .05
level, only significant for Math in both steps. For Extraversion, the results do not support the research
hypothesis. All estimated effects for this domain are very small and not significant. Finally, Neuroticism
had a negative effect on Math performance but not on English performance.
Finally, Hypothesis 3 was confirmed for Openness but not for Conscientiousness and Neuroticism.
All interactions with Openness were significant and Figure 1 shows that, as expected, figural reasoning
had positive effects if Openness was low but not if it was high. A high degree of Openness is a buffer
against lower fluid intelligence as far as was measured through figural reasoning.
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Table 1. Descriptive statistics and zero-order correlations between sum scores of all variables studied.

Variable

Descriptive
Statistics

Bivariate Correlations
1

2

3

4

5

6

7

8

9

1. Gender

---

2. Age

0.01

---

3. Figural reasoning

< 0.01

0.14 **

(0.97)

4. Neuroticism

0.14 **

0.17 **

< 0.01

(0.83)

5. Extraversion

0.03

−0.12 **

0.01

−0.37 ***

(0.81)

6. Openness

0.02

0.10 *

0.09 *

−0.03

0.14 **

(0.67)

7. Agreeableness

0.01

0.10 *

−0.01

0.38 ***

−0.16 **

−0.07

(0.63)

8. Conscientiousness

0.07 *

−0.08 *

−0.03

−0.41 ***

0.16 **

0.20 ***

−0.30 ***

(0.82)

9. Math grades

−0.06

0.07

0.31 ***

−0.12 **

0.05

0.21 ***

−0.04

0.13 **

---

10. Chinese grades

0.23 **

−0.13 **

0.11 **

−0.07

0.13 **

0.18 ***

−0.09 *

0.14 **

0.54 ***

---

11. English grades

0.13 **

0.14 **

0.31 ***

−0.03

0.06

0.28 ***

−0.01

0.11 *

0.67 ***

0.61 ***

---

M

SD

1.52

0.50

15.35

1.51

46.85

12.15

35.28

7.76

42.49

6.60

41.78

5.70

29.03

5.16

38.34

6.30

96.47

33.10

97.52

19.19

98.07

32.56

Note: N = 686 to 836. Reliability estimates for each variable (Ωw) are in parentheses on the diagonal. Gender: 1 = men and 2 = women. * p < 0.05. ** p < 0.01. *** p < 0.001. All p-values are two-tailed.

Table 2. Model fits.
School Subject

Model

χ2 (df)

RMSEA [90% CI]

CFI

SRMR

BIC

Grade Composite

Step 1
Step 2
Step 1
Step 2
Step 1
Step 2
Step 1
Step 2

817.32 (208)
--614.72 (168)
--632.28 (168)
--638.98 (168)
---

0.059 [0.055,0 .063]
--0.056 [0.052, 0.061]
--0.057 [0.053, 0.062]
--0.058 [0.053, 0.063]
---

0.920
--0.933
--0.931
--0.930
---

0.057
--0.054
--0.055
--0.055
---

40731.53
40706.37
27303.51
27289.58
28100.34
28085.67
28055.25
28041.59

Chinese
Math
English

Chi-square Difference Test (TRd)
∆ χ2 (df) = 9.69 (1), p < 0.001
∆ χ2 (df) = 6.27 (1), p < 0.05
∆ χ2 (df) = 11.87 (1), p < 0.001
∆ χ2 (df) = 11.03 (1), p < 0.001

Note: N = 836. The model showing the best fit in each school subject is in bold. Because traditional model fit indices are not developed for latent moderation structural (LMS) models, we used a Chi-square
difference test based on log-likelihood values and scaling correction factors obtained by a robust maximum likelihood estimator (MLR) to compare the relative fit of Step 1 and Step 2: Satorra-Bentler scaled
chi-square difference test (TRd) = −2 * (L0–L1)/[(p0 * c0–p1 * c1)/(p0–p1)] where L0 and L1 are the log-likelihood values for Step 1 and Step 2, respectively, as well as scaling correction factors c0 and c1 for
Step 1 and Step 2, respectively. p0 and p1 are the number of parameters in Step 1 and Step 2, respectively.
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Math, English, and a grade composite.
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Table 3. Prediction of scholastic performance in Chinese, Math, and English: results from hierarchical latent regression models.
Enter Variables
Step 1
Gender
Age
Figural reasoning
Neuroticism
Extraversion
Openness
Agreeableness
Conscientiousness
Step 2
Gender
Age
Figural reasoning
Neuroticism
Extraversion
Openness
Agreeableness
Conscientiousness
Figural reasoning
*Openness

Chinese Grade
ß
R2
ΔR2
0.15 ***
0.05 *
0.23 ***
−0.14 **
0.12 **
−0.03
0.04
0.19 ***
−0.02
0.05
0.22 *** 0.07 **
0.22 ***
−0.15
***
0.12 **
−0.04
0.03
0.25 ***
0.01
0.06
−0.27
***

ß

Math Grade
R2
ΔR2
0.17 *** 0.08 **

−0.05
0.04
0.29 ***
−0.12 *
−0.02
0.23 ***
0.11
0.12 *
0.24 ***
−0.05

0.07 **

English Grade
ß
R2
ΔR2
0.21 *** 0.10 ***
0.13 ***
0.10 **
0.26 ***
−0.08
−0.02
0.31 ***
0.09
0.07
0.25 ***
0.04 *
0.13 ***

Grade Composite
ß
R2
ΔR2
0.25 *** 0.12 ***
0.13 **
0.06
0.29 ***
−0.09
−0.01
0.33 ***
0.09
0.09 *
0.36 *** 0.11 ***
0.09 **

0.01

0.09 *

0.02

0.31 ***
−0.13 *
−0.03
0.28 ***
0.14 *
0.13 *
−0.28
***

0.28 ***
−0.08
−0.03
0.35 ***
0.11 #
0.08 #
−0.26
***

0.25 ***
−0.08 #
−0.02
0.28 ***
0.09 #
0.08 #
−0.27
***

* p < 0.05; ** p < 0.01; *** p < 0.001; # p < 0.10. All p-values are two-tailed.
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4. Discussion
This study aimed at evaluating the specific contributions of figural reasoning as an indicator of Gf,
the domains of the FFM, and their interaction in predicting scholastic performance in Chinese secondary
school students. Generally speaking, our findings replicated the specific effects for Gf and some of the
personality domains on scholastic performance found in Western cultures in an Eastern culture. In
addition, our findings further supported the idea that Gf and Openness interacted with each other in
predicting scholastic performance across three subjects.
4.1. Fluid Intelligence
Although the positive relationship with all grades turned out to be clearly positive for all subjects, the
effect was smaller for Chinese. This smaller effect is in line with earlier results [29,30] and may be due
to how students learn Chinese in comparison with other subjects. Because the other subjects are new
(Math, English) they may require more Gf than is the case for the native language. Mathematics requires
the students to solve new and difficult problems, and English places heavy demands on learning a new
grammar and a new vocabulary. In contrast, people learn their native language through everyday
interactions and what they have to learn has a higher degree of familiarity. This may explain why there
is less variation in proficiency for Chinese than for Math and English (see Table 1). On the whole, the
total amount of variance explained by figural reasoning as an indicator of Gf in school grades, especially
in Chinese (native language), was smaller than reported in Western cultures [10,35]. We attribute this
difference mainly to Chinese culture. Adopting Confucian doctrines, Chinese parents and teachers might
encourage their children and students to compensate for limitations in abilities with Conscientiousness
and hard work [17]. Thus, such cultural differences might produce mean level differences and also
influence the relative importance of variables in predicting scholastic performance [8]. Another
explanation could be that within the field of intelligence research, very elaborate models have been
developed, including different intelligence facets: verbal, numerical, and figural reasoning abilities [87].
According to Brunswik’s lens model [88], symmetry between predictor and criterion could increase
correlations (see also [49,89]). Future studies should therefore strive to apply broad measures of Gf in
Chinese contexts. In fact, another study conducted in China found stronger test criterion correlations for
Gf [8] using a broader cognitive test battery in a sample of elementary school students.
4.2. Domains of the FFM
In line with prior research [12], Openness was found to be a significant and positive predictor for
performance in all three subjects. Further, Conscientiousness was a positive predictor and Neuroticism
a negative predictor of performance in Math. Conscientious students are more likely to perform well
academically because they are more likely to be achievement-oriented, organized, responsible, and
willing to work hard. Our findings that Neuroticism is a negative predictor are consistent with Spinath,
Freudenthaler, and Neubauer [9], who suggested that the negative effect of Neuroticism on Math grades
might be due to anxiety. Mathematics is associated with challenges, exam stress, and problem solving,
all of which might spark anxiety, leading to a decrease in performance.
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4.3. Moderation
The results support the interaction hypothesis for Openness and Gf. Specifically, the effect each of
the traits is smaller the higher the score of the other is. Though the moderation found here was reported
before [20], no conclusive explanation was provided. Now that the moderation has been replicated in an
independent sample and a different culture, concrete hypotheses regarding the nature of the mechanism
at work are justified. Formally speaking, the negative interaction between Openness and figural
reasoning can be interpreted as a disjunctive or compensatory relationship: one of both traits is sufficient
to perform well, so the fact that the other trait does not add to the variance explained when one trait is
already high. This means that students high in Gf are able to handle school tasks even when they are not
curious or seeking new knowledge. Similarly, students high in Openness may not need strong fluid
intelligence because they are curious about different fields, actively grasping new ideas and seeking
novel experiences. Another possible explanation is that a high intelligence combined with a high
openness is not necessarily beneficial in a school context. A high intelligence combined with lots of
imagination and curiosity might lead to distraction and low interest in the contents taught in schools. For
a student with lower intelligence and a high openness the contents may satisfy the high level of curiosity,
and for a student with a high intelligence and a low level of openness the school contents would be
sufficient as a challenge. Future research could apply experimental methods or experience sampling to
gather more data to help test these different ideas.
However, our results failed to support the enhancing effect of Conscientiousness, so the results of
Ziegler, Knogler, and Bühner [60] could not be confirmed. Whereas the present study only employed
short tests, Ziegler, Knogler, and Bühner [60] used a faceted intelligence measure and a broad personality
questionnaire. Thus, future studies trying to replicate this specific interaction in a Chinese context should
also employ such broad measures. The same argument holds regarding the other interaction effects which
were insignificant in this study.
4.4. Limitations of the Current Study
The use of a short personality inventory and a figural reasoning test as an indicator of Gf limits the
findings to the tests used. Broader and, most importantly, faceted measures are needed to provide a more
comprehensive answer to the research questions posed above. Second, our findings rely on self-reported
data. Prior research has shown that other reports are incremental predictors of academic performance
above and beyond intelligence [49] and self-reports [90]. The sole reliance on self-reports should be
opened up in future studies by using other reports as well. Finally, using grades as dependent variables
might be considered a limitation. Despite the importance of grades in students’ lives, aspects other than
actual performance differences affect grades, which therefore can be considered contaminated [91,92].
Using more objective criteria like standardized assessments will most likely increase the predictive
power of ability.
5. Conclusions
The current study confirmed the influences of Gf-type test performance and the FFM domains on
scholastic performance within the Chinese culture. In general, a higher Gf leads to better scholastic
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performance. However, it does not follow that intelligence is the only determinant of scholastic
performance. Clearly, personality traits, particularly Openness, can be used along with Gf to better
predict scholastic performance. Moreover, this study also emphasizes the importance of considering
specific subjects when predicting scholastic performance (i.e., Chinese, English, and Math). More
importantly, this study further indicated that Openness moderated the effects of Gf on scholastic
performance in three subjects. Chinese teachers and parents may want to stimulate the students’
Openness because of its positive contribution to scholastic achievement, especially when fluid
intelligence is not so high.
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Appendix
Table A. Prediction of scholastic performance in Chinese, Math, and English: results from
hierarchical regression analyses.
Enter Variables

Math Grade

Chinese Grade
ß

Step 1

R2

ΔR2

ß

0.15 ***

R2

English Grade
ΔR2

ß

0.16 ***

R2
0.18 ***

Gender

0.20 ***

−0.05

0.14 ***

Age

−0.21 ***

−0.02

0.06 #

Figural reasoning

0.14 **

0.31 ***

0.28 ***

Neuroticism

−0.01

−0.06

−0.02

Extraversion

0.05

0.01

−0.01

Openness

0.15 ***

0.16 ***

0.23 ***

Agreeableness

−0.05

0.03

0.03

Conscientiousness

0.07 #

0.11 **

0.08 *

ΔR2
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Table A. Cont.

Enter Variables

Math Grade

Chinese Grade
ß

Step 2

R2

ΔR2

0.17 ***

0.02 *

ß

ENGLISH GRADE

R2

ΔR2

0.18 ***

0.02 *

ß

Gender

0.20 ***

−0.05

0.14 ***

Age

−0.22 ***

−0.02

0.05

Figural reasoning

0.12 **

0.29 ***

0.27 ***

Neuroticism

−0.01

−0.06

−0.03

Extraversion

0.05

0.01

−0.01

Openness

0.16 ***

0.17 ***

0.23 ***

Agreeableness

−0.05

0.03

0.03

0.12 **

0.09 *

−0.17 ***

−0.16 ***

Conscientiousness
Figural reasoning *
Openness

0.08

#

−.016 ***

R2

ΔR2

0.20 ***

0.02 *

* p < 0.05; ** p < 0.01; *** p < 0.001; # p < 0.10. All p-values are two-tailed.
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