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Background. Exams such as the SAT, ACT, and GCSE are used to give an account of educa-
tional outcomes and provide a unified criterion for university admission. The Unified State 
Exam (USE) aims to fulfill these functions in Russia.All Russian students take two compul-
sory USE exams, mathematics and Russian, at the end of their school education.

Objective. Variability in the mathematics and Russian USE scores is vast, both across and 
within schools. Our study investigated potential sources of this variability. 

Design. The sample included 196 students from regular schools (non-selected students) 
and 306 students from schools with advanced mathematical curriculum (selected students). 
The mathematical ability (numerical representation, mathematical fluency), intelligence, ba-
sic cognitive functions (working memory, reaction time), and mathematical self-efficacy of 
the students were assessed. We applied structural equation modeling to estimate the propor-
tion of variability in the mathematics and Russian USE scores explained by cognitive predic-
tors and mathematical self-efficacy. 

Results. In the whole sample, cognitive predictors and mathematical self-efficacy ex-
plained 54% of the variation in the mathematics USE scores and 30% of the variation in the 
Russian USE scores. These effects diminished after the data were analyzed in two groups sepa-
rately, suggesting that the associations between predictors and exam scores were to a large 
extent accounted for by group differences (students from regular and specialized schools). 

Conclusion. The students from the schools with an advanced mathematical curriculum 
exhibited better cognitive performance, appraised their mathematical abilities higher, and 
achieved higher mathematics and Russian USE scores, compared to the students from regular 
schools. Within the groups, cognitive and non-cognitive predictors explained a small part of 
the variation of the mathematics and Russian USE scores.
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Introduction
Standardized examination is used all over the world to evaluate the level of students’ 
mastery of their school curriculum and to provide a unified criterion for college ad-
mission. The ultimate goal of standardized examination is to provide equal access 
to higher education independent of students’ sociodemographic characteristics. In-
troduced in 2006, the Unified State Exam (USE) now serves as a major educational 
assessment tool at the end of school. Every year all school students in Russia take 
mathematics and Russian USEs. Students’ exam scores vary immensely (Federal 
Service for Supervision in Education and Science; Federal Institute of Pedagogical 
Measurements, 2012). Our study aims to explore the sources of individual differ-
ences in the USE performance of students from regular and specialized schools.

One of the strongest predictors of academic performance is intelligence, which 
represents common variability across the manifold of cognitive abilities and char-
acteristics (Deary, Strand, Smith, & Fernandes, 2007; O’Connell, 2018). Studies of 
Western standardized exams  — the General Certificate of Secondary Education 
(GCSE, UK), the Scholastic Aptitude Test (SAT, USA), and the American College 
Testing (ACT) — attribute a large part of the variation of exam scores to gener-
al cognitive ability (g). Intelligence explains up to 30% of the variability of GCSE 
scores (Krapohl et al., 2014; Rimfeld, Dale, & Plomin, 2015) and up to 60% of the 
variation of SAT and ACT scores (Coyle, 2015; Koenig, Frey, & Detterman, 2008). 
Generally, the association is tighter for the mathematical exam than the language 
exam (Deary et al., 2007; Rimfeld et al., 2015).

Although universal cognitive characteristics explain a substantial part of the 
variation of exam scores, subject-specific abilities are also important. Specific cog-
nitive abilities (verbal and mathematical) are associated with the specific variability 
(non-g residuals) of SAT and ACT scores (Coyle, Purcell, Snyder, & Kochunov, 
2013). SAT and ACT mathematical subtests are positively associated with mathe-
matical ability and negatively with verbal ability. For the verbal subtests, the pattern 
is the opposite (Coyle, Snyder, Richmond, & Little, 2015; Schult & Sparfeldt, 2016).

Learning complex mathematical concepts is partly associated with a mental 
representation of quantity. Non-symbolic numerical representation (number sense 
or an approximate number system), manifesting itself as the ability to intuitively 
compare quantities, can be detected early in life (Dehaene, 2011; Halberda, Ly, 
Wilmer, Naiman, & Germine, 2012; Tosto et al., 2014). With the start of formal 
school education, symbolic numerical representation develops, enabling a more 
precise comparison of quantities and abstract mathematical concepts (Merkley & 
Ansari, 2016; Siegler & Lortie-Forgues, 2014).

Individual differences in numerical representation systems are among the pre-
dictors of mathematical achievement (De Smedt, Noël, Gilmore, & Ansari, 2013; 
Feigenson, Libertus, & Halberda, 2013). In primary school, number sense can ac-
count for as much as 54% of the variation of performance on general curriculum-
based mathematical tests (Sasanguie, Göbel, Moll, Smets, & Reynvoet, 2013). The 
relationship between an approximate number system and mathematical perfor-
mance in preschool years has been shown to be causal (Wang, Odic, Halberda, 
& Feigenson, 2016). However, by the end of school education, its contribution 
drops to 10% (Libertus,Odic, & Halberda, 2012; Matthews, Lewis, & Hubbard, 
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2016). Symbolic numeric representation, on the contrary, is a consistent predic-
tor of mathematical achievement across school grades (Fazio, Bailey, Thompson, 
& Siegler, 2014). Non-symbolic and symbolic representation systems substantially 
overlap, but they also contribute some unique variation to the measures of math-
ematical performance (Lourenco & Bonny, 2017).

Beyond cognitive characteristics and abilities, non-cognitive factors can ac-
count for as much as 20% of the variation of academic achievement (Krapohl et 
al., 2014; Parker, Marsh, Ciarrochi, Marshall, & Abduljabbar, 2014; Seaton, Parker, 
Marsh, Craven, & Yeung, 2014). A number of studies emphasize self-concept (be-
liefs about one’s own ability) and self-efficacy (beliefs about one’s own performance) 
as important non-cognitive predictors of academic achievement (Bong & Skaalvik, 
2003; Marsh, Trautwein, Lüdtke, Baumert, & Köller, 2007). Academic self-concept 
and self-efficacy are domain-specific and reciprocally associated with academ-
ic performance in the corresponding domain (Chen, Yeh, Hwang, & Lin, 2013; 
Malanchini et al., 2017; Marsh & Martin, 2011). Most research shows a modest ef-
fect of mathematical self-concept on subsequent mathematical achievement, from 
about 5% (Möller, Zimmermann, & Köller, 2014) to 20% (Suárez-Álvarez, Fernán-
dez-Alonso, & Muñiz, 2014). Reciprocal links between self-concept and achieve-
ment over time may also contribute to choice of academic specialization (Parker et 
al., 2014). Positive academic motivation and self-concept are associated with better 
academic performance through positive attitudes toward school and engaging in 
learning experiences (Green et al., 2012; Tosto, Asbury, Mazzocco, Petrill, & Kovas, 
2016). On the other hand, lower self-esteem is associated with maladaptive behav-
ior in approaching the task (self-handicapping), which has a detrimental effect on 
academic performance (Gadbois & Sturgeon, 2011; Schwinger, Wirthwein, Lem-
mer, & Steinmayr, 2014).

The majority of studies addressing the variability of USE scores have been con-
cerned with the question of the criterion validity of the exams, i.e., the association 
between exam performance and subsequent academic achievement at university. 
The USE scores indeed predict individual differences in academic achievement and 
dropping out of university (Pereyaslavskaya & Pereyaslavskiy, 2014; Poldin, 2011; 
Zamkov & Pereseckij, 2013). About 20% of the variability of academic achieve-
ment at university can be accounted by USE performance (Khavenson & Solovyo-
va, 2014). Therefore, the USE appears to fulfill its selective function to some ex-
tent. However, it is not clear whether it can be considered a reliable measure of 
acquisition of the school curriculum, as the correlations between exam scores and 
school performance have been found to be highly variable across school subjects 
(Chernyavskaya & Merkulov, 2015; Saprykina, 2017).

Several studies address the issue of predictors of performance on the USE. The 
correlation between general cognitive ability and USE performance varies across 
USE subjects and between years of testing (Kaptsov & Kolesnikova, 2009). The 
highest correlation between measures of intelligence and USE performance is 0.33 
(Matsuta, Bogomaz, & Sudneva, 2014). Intelligence and specific cognitive abilities 
(verbal, mathematical, and spatial abilities, and abstract reasoning) explain up to 
25% of individual differences in exam performance (Kaptsov & Kolesnikova, 2009). 
USE scores have also been found to be associated with: motivation (14%; Gorde-
eva & Osin, 2012), emotional intelligence (10%; Dmitrieva & Gelman, 2015), and 
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personality (agreeableness and neuroticism) (up to 10%; Kochergina, Nye, & Orel, 
2013). Family income and investment in additional training have also been found 
to partially explain USE performance (up to 20%; Prakhov, 2014; Prakhov & Yud-
kevich, 2012).

Our study aims to add to the data on sources of the variation in the scores of 
two compulsory exams: the mathematics and Russian USEs. We compare students 
from regular state schools and from schools with a highly advanced mathematical 
curriculum to assess whether their mathematics and Russian USE scores are ex-
plained by the same set of predictors.

Methods
Objectives
The study aimed to explore the sources of individual differences in USE perfor-
mance in students from regular and specialized schools.

Sample
We compared two groups of school students. Group 1 (selected students) included 
306 students from two schools with a highly enhanced mathematical curriculum. 
These schools were residential institutions that admit students from all over Russia. 
To enter these schools at Grade 10, the students passed strict selection criteria based 
on their previous mathematical achievement, including success in mathematical 
competitions at regional, federal, and international levels. Group 1 included 102 
female and 198 male students (six students did not report their sex), with a mean 
age of 17.1 years (SD = 0.44 years).

Group 2 (non-selected students) included 196 from regular state schools. These 
schools do not select their students and use a standard mathematical curriculum. 
Group 2 included 120 female and 76 male students, with a mean age of 16.8 years 
(SD = 0.63 years).

Measures
Participants completed a cognitive test battery at the last grade of school (Grade 11). 
The test battery consisted of measures of non-symbolic numerical representation 
(Number Sense test, NS), symbolic numerical representation (Number Line, NL; 
Dot Number, DN), mathematical fluency (Understanding Numbers, UN; Problem 
Verification, PV), spatial working memory (Corsi Block, CB), and simple reaction 
time (Reaction Time, RT). The details of the test battery measures are provided in 
Table 1.

General cognitive ability was assessed using Raven’s Standard Progressive Ma-
trices (Raven, 2003). Group 1 performed the standard version of the test, compris-
ing five series of 12 tasks of progressive difficulty. Group 2 took a modified version 
of the test that included 18 items from the original test and 12 advanced tasks. In 
both groups, general cognitive ability was represented by the number of correct 
responses.

The students’ perception of their mathematical performance (mathematical 
self-efficacy, math SE) was assessed using eight questions about their level of con-
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fidence in solving mathematical tasks (PISA, 2012). Cronbach’s alpha of the self-
efficacy scale was 0.65 in Group 1 and 0.61 in Group 2.

At the end of the same academic year, students provided their grades for the 
Unified State Exam (USE) in mathematics and Russian, graded on a scale of 0 to 
100. These data were available for 207 students for the math USE and 273 for the 
Russian USE.

Data preparation
We applied logarithmic transformation to the latency measures (RT, NS, DN, 

and PV latencies) to eliminate a positive skew of their distributions (Ratcliff, 1993). 
Then, for each variable we considered the observations deviating more than 1.5 
interquartile range from the first and third quartile as outliers and excluded them 
(Rousseeuw & Hubert, 2011). This procedure was performed within each group 
and for each variable separately. Upon the data preparation, all the variables exhib-
ited a normal distribution.

Results
Descriptive statistics
Table 2 presents means and standard deviations for cognitive characteristics, in-
telligence, mathematical self-efficacy, and exam performance for the whole sam-
ple and within the groups of selected and non-selected students. We performed a  
t-test to compare performance across the groups. For latency measures, we present 
means and standard deviations for both the transformed and original data.

The group of selected students outperformed the non-selected students’ group 
in all cognitive tasks, giving more correct answers in math tasks (UN score, PV 
score), giving more precise numerical estimations (NS, NL, DN), and achieving 
a higher spatial working memory score (CB). Also, the selected students’ group 
responded faster on the simple reaction time task (RT) and slower on the tests of 
numeric estimation (NS) and mathematical problem solving (PV).

The selected students’ group achieved higher exam scores for both mathemat-
ics and Russian. The difference was not only statistically significant but also large 
(Cohen’s d = 3.3 for mathematics and 1.5 for Russian). Compared to the 2011–2012 
nationwide USE scores (math: 45–47, Russian: 60–61), Group 2 students performed 
average and Group 1 performed far above average. Students in Group 1 also evalu-
ated their math performance higher than Group 2 students did (math self-efficacy).

Age and sex differences
The groups of selected and non-selected students were unbalanced in terms of their 
male/female ratios: there were more male students in the selected group, and more 
female students in the non-selected groups. We performed a 2×2 ANOVA to test 
whether there were any sex differences in cognitive characteristics and academic 
achievement besides the group affiliation. No statistically significant effect of sex 
was found after adjusting for multiple comparisons, the median effect was 1.7%. 
The highest effect of 9.3% was seen for the math USE: the average score for males 
was 2.8 points higher than for females. The sex-by-group interaction was also non-
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significant, with a maximum effect size of 1.8% (RT correct latency). These small 
(non-significant) effects of sex and the imbalance of the male/female ratios in the 
two groups are unlikely to confound the results of further analyses.

We also examined age differences both within and across groups. Overall, the 
difference in mean age across the selected and non-selected students was small, and 
the variability of age within the groups was low. Across the whole sample, statisti-
cally significant age-related differences were detected in NL, UN, PV, and math 
SE and USE scores, the correlations being between 0.1 and 0.2. Older participants 
performed better in these cognitive tasks, yielded higher exam marks, and rated 
their mathematical skills higher. Within the groups, no statistically significant age 
effects were found.

Relationships across cognitive characteristics
We studied the relationships between cognitive characteristics for the whole sam-
ple (Table 3) and within the groups (Table 4). For the whole sample, the size of 
the relationships varied between 0.0 and 0.6. NS scores correlated moderately or 
highly with most cognitive measures in the study, supporting the notion that num-
ber sense appears to be an important basic characteristic underlying individual 
differences in mathematical cognition.

Table 3
Correlations between cognitive abilities for the whole sample

1 2 3 4 5 6 7 8 9

1 CB score
2 NL score –0.233 c

3 UN score –0.186 c 0.063 
4 RT latency 0.370 c –0.306 c –0.241 c

5 NS score 0.228 c –0.242 c 0.008 0.657 c

6 NS latency 0.384 c –0.453 c –0.112 a 0.473 c 0.339 c

7 DN score 0.282 c –0.304 c –0.198 c 0.421 c 0.207 c 0.252 c

8 DN latency 0.027 –0.068 0.140 b 0.190 c 0.339 c 0.012 0.099 a

9 PV score 0.343 c –0.426 c –0.223 c 0.561 c 0.381 c 0.609 c 0.410 c 0.186 c

10 PV latency 0.037 –0.039 0.096 a 0.345 c 0.432 c 0.026 0.040 0.337 c 0.356 c

Note:a p < 0.05, b p < 0.01, c p < 0.001

To find out whether there is any factor structure underlying relationships across 
cognitive characteristics, we performed a maximum likelihood factor analysis. The 
factors were allowed to correlate, so some cognitive measures were loaded by more 
than one factor. Three factors were extracted in the whole sample and within the 
groups, explaining 43% of the total variability. The strongest factor (19%) was as-
sociated with acquired mathematical knowledge (PV score, UN score), but also 
numeric representation (NL score). The other two factors represented number 
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sense (15%, NS score, NS latency) and response speed (9%, RT latency, DN latency, 
PV latency). The factors of mathematical knowledge and number sense correlated 
highly with each other (0.63), but not with the latency factor.

In Group 1, the three-factor structure was less pronounced, as the factors ex-
plained 29% of total variability. The first factor comprised all latency measures 
(11%), the second one represented number sense (10%, NS score, NS latency, also 
DN score, PV score, and RT latency). The third factor was loaded by working mem-
ory and acquired mathematical knowledge (8%, CB score, UN score, PV score, and 
NL score). The correlations across factors were under 0.22.

In Group 2, the three-factor solution explained as much variability as in the 
whole sample, 44%. The first factor comprised the measures of number sense (17%, 
NS latency, NS score), CB score, and UN score. The second factor represented gen-
eral performance on the tests of mathematical abilities (16%, DN score, PV score, 
NS score, CB score, NL score, UN score, and RT latency). The third factor com-
prised the latency measures (11%, PV latency, DN latency, RT latency) and also PV 
score. The cross-factor correlations were between 0.2 and 0.3.

To summarize, in the whole sample and within the groups of selected and non-
selected students, we discovered three main factors regarding the performance on 
tasks of mathematical abilities: (1) acquired mathematical knowledge, (2) number 
sense, and (3) response speed. The factor of acquired mathematical knowledge had 
the most discriminative power in the whole sample and mirrored the differences 
across the selected and non-selected groups, as it was an explicit criterion of se-
lection for the advanced mathematical schools. In the group of selected students, 
the factor of acquired mathematical knowledge did not have much discriminative 
power. In contrast, in the group of non-selected students, acquired mathematical 
knowledge appeared as part of the broad factor of mathematical performance that 
comprised all cognitive scores.

Number sense was associated with mathematical performance, especially in 
non-selected students. In both the selected and non-selected groups, the slower 
responses on the NS test were associated with more correct responses on this test. 
Response speed explained the same amount of variation in the selected and non-
selected students.

Math self-efficacy, intelligence, and cognitive characteristics
We considered the relationships between cognitive characteristics, intelligence, 
and mathematical self-efficacy separately. As the students from the two groups 
completed two different versions of Raven’s Progressive Matrices, we did not com-
pute associations between intelligence and cognitive characteristics for the whole 
sample. Along with the separate cognitive measures, at this stage we included the 
factor values extracted from the factor analysis. The factor values were computed 
separately for Group 1 and Group 2. Within the groups, the associations between 
Raven’s scores and cognitive measures were weak and statistically non-significant. 
Two statistically significant correlations were found in Group 1 (UN score, PV 
score) and two in Group 2 (PV latency, latency factor). The lack of association be-
tween intelligence and cognitive measures in the group of selected students can 
be accounted for by the restricted range of the Raven’s scores. We observed a clear 
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ceiling effect in the group of selected students, with the average performance on the 
Raven’s test of 55 points out of 60. The whole variation of Raven’s scores in Group 1 
fits the range between 44 and 60 points.

The associations between math SE and cognitive characteristics for the whole 
sample ranged between 0.1 and 0.3 (statistically significant for all score indices and 
PV latency). Within the groups, math SE correlated with NS latency in Group 1 
and with NS score in Group 2, with effects under 0.16. Most likely, the association 
between math SE and cognitive characteristics resulted from group differences: se-
lected students gave a higher appraisal of their mathematical ability and performed 
better on cognitive tests.

Cognitive abilities and mathematical self-efficacy  
as predictors of exam performance
The correlations between exam performance and cognitive abilities, and between 
intelligence and math SE are reported in Table 5. For the whole sample, the exam 
performance (both mathematics and Russian) were most closely associated with 
measures of mathematical fluency (UN and PV scores) and to the lesser extent 
with numerical representation (NS and NL score), working memory (CB score and 
CB latency), and response speed (RT, NS, and PV latency), as well as math SE. 
Within the groups, these associations were mostly not significant. Among cogni-
tive measures, the highest association was between PV latency and the Russian 
USE in Group 2 (r = 0.391, p = 0.000).

Table 5
Correlations between exam performance (USE) and cognitive abilities, intelligence, and 
mathematical self-efficacy

Mathematics USE Russian USE

All Group 1 Group 2 All Group 1 Group 2

CB score 0.279 c 0.077 –0.030 0.135 a 0.001 –0.134 

NL score –0.368 c 0.061 –0.083 –0.255 c 0.004 –0.036 
UN score –0.172 a –0.228 a –0.109 0.040 0.104 0.020 
RT latency 0.377 c 0.031 0.086 0.199 b –0.045 0.006 
NS score 0.323 c –0.051 0.142 0.241 c –0.030 0.163 
NS latency 0.623 c –0.001 0.149 0.398 c 0.048 –0.104 
DN score 0.303 c 0.131 0.053 0.117 –0.019 –0.047 
DN latency –0.044 0.022 0.011 0.079 0.071 0.124 
PV score 0.517 c –0.056 0.046 0.365 c –0.048 0.072 
PV latency –0.122 –0.077 0.124 0.192 b 0.107 0.391 c

Raven’s – 0.095 0.001 – –0.026 0.158 
Math SE 0.274 c –0.035 0.132 0.165 b –0.001 –0.032 

Note:a p < 0.05, b p < 0.01, c p < 0.001
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To estimate the proportion of variability of the USE scores accounted for by the 
cognitive predictors and math self-efficacy, we applied structural equation model-
ing (Loehlin, 2004). The model included either mathematics or Russian USE scores 
regressed using cognitive measures (CB score, NS score, UN score, RT latency, NS 
score and latency, DN score and latency, PV score and latency) and math SE as in-
dependent variables. The predictors were allowed to covariate. Five modifications 
of this model were used to address the research questions:

(1) The homogeneity model did not differentiate selected and non-selected 
students, assuming that all students had come from the same population.

(2) The heterogeneity model assumed that two groups of school students had 
come from two different populations. The associations across variables 
were allowed to differ across the groups.

(3) Model A — asymmetric relationships constrained: the model assumed that 
cognitive variables in two groups were associated with exam performance 
in the same way. The covariation across predictors was allowed to differ 
between the groups. 

(4) Model S — symmetric relationships constrained: the model assumed that 
the covariation across predictors was equal in the two groups. The regres-
sion coefficients were allowed to differ between the groups.

(5) Model AS  — asymmetric and symmetric relationships constrained: the 
model assumed that both regression and covariation relationships were 
equal in the two groups.

The models were compared using a chi-squared test (Table 6). A statistically 
significant difference in model fit implied that the model with fewer parameters 
did not explain the data well and could not be accepted. In contrast, when the fit 
indexes of two models were close, the model with fewer the parameters was pre-
ferred. Models A, S and AS were compared against the heterogeneity model. Mod-
els S and AS explained data less well, indicating that the structure of covariation 
across cognitive predictors differed between the two groups. Model A yielded the 
same fit as the heterogeneity model, meaning that no difference in regression paths 
was detected between the groups.

For the whole sample, cognitive characteristics explained 52% of the vari-
ability of the mathematics USE scores and 30% of the variability of the Russian 
USE scores. Significant predictors were measures of mathematical fluency (UN 
and PV scores) (Table 7). Other predictors had smaller effects and did not reach 
statistical significance, except for latency in the PV task as a predictor of Russian 
USE scores.

Within the groups, all predictors explained 10% and 16% of the mathemat-
ics USE scores and 2% and 35% of the Russian USE scores. In Group 1, the only 
statistically significant predictor of performance on the mathematics USE was RT 
latency, while no predictors were found to explain a sufficient amount of variation 
in the Russian USE scores. In Group 2, PV latency was the only notable predictor 
of Russian USE scores (29% of the variation).
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Discussion
The Unified State Exam is a major milestone in the life of any school student in 
Russia. However, the origin of individual differences in USE performance remains 
largely unexplored. The current study addressed the question of the predictive 
power of intelligence, mathematical abilities, and mathematical self-efficacy in re-
spect to USE performance. We compared students from regular state schools (non-
selected students) and students who had passed strict selection and undertaken 
an advanced mathematical curriculum at a specialized school. Structural equation 
modeling was applied to assess to what extent cognitive abilities and mathematical 
skills explained the variation in exam performance. We also compared the struc-
ture of the relationships across mathematical abilities and cognitive characteristics 
in selected and non-selected students.

The average math and Russian USE scores in the group of the students from 
regular state schools corresponded well to the national statistics for USE scores 
(Federal Service for Supervision in Education and Science; Federal Institute of 
Pedagogical Measurements, 2012). The students from specialized schools scored 
high above the national average on both the math and Russian USEs. Schools in 
Russia differ in their formal status (e.g., gymnasia, lyceums, specialized schools). 
These schools often receive more funding, are better equipped, and provide ad-
vanced curricula. The students from such schools achieved higher average USE 
scores (Popova & Sheina, 2017; Sobkin, Adamchuk, Kolomiets, Likhanov, & Iva-
nova, 2010); for most school subjects, the difference between regular and advanced 
schools lies within 10 points on a 100-point scale.

In our study, the students from specialized schools displayed higher levels of 
taught and untaught cognitive characteristics and mathematical abilities. The de-
sign of our study did not allow us to find out to what extent these differences arose 
from the curricular instruction provided by specialized schools or from selection 
(entry to specialized schools based on high academic performance). Some results 
are more consistent with the selection explanation. For example, the group differ-
ence in non-symbolic and symbolic representation in our study is unlikely to have 
originated from instruction, as the numeric representations stop evolving by the 
end of primary school (Ashcraft & Moore, 2012; Dehaene, 2011; Friso-van den Bos 
et al., 2015).

There is an ongoing discussion whether the effect of cognitive ability on aca-
demic outcomes is uniform through the whole range of ability levels. One view is 
that the share of intelligence in the variation of specific cognitive abilities decreases 
at the top end of the ability distribution (Reynolds & Keith, 2007; te Nijenhuis & 
Hartmann, 2006). Our results do not support this hypothesis, consistent with much 
research that also does not support this view (Coyle, 2015; Coyle, Snyder, Pillow, 
& Kochunov, 2011; Karwowski & Gralewski, 2013; Robertson, Smeets, Lubinski, 
& Benbow, 2010). In the present study, cognitive predictors were associated with 
exam performance uniformly across the groups of selected and non-selected stu-
dents, with mostly negligible effects in both groups. In contrast, the factor structure 
of cognitive characteristics differed across the groups: in the group of selected stu-
dents, the associations among cognitive predictors were overall weaker. This result 
is likely due to the restricted variance in the selected groups, including ceiling ef-
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fects: the whole range of the actual intelligence scores fits in the top quarter of the 
Raven’s scale.

Within the groups, cognitive characteristics and mathematical abilities were 
only modestly related to USE performance. This is inconsistent with much re-
search into academic achievement and exam performance in different countries. 
This research has demonstrated substantial links between academic achievement 
and general cognitive ability (Coyle & Pillow, 2008; Deary et al., 2007; Roth et 
al., 2015), and specific cognitive abilities (Coyle et al., 2013; Krapohl et al., 2014), 
including numerical representations (Halberda, Mazzocco, & Feigenson, 2008; 
Matthews et al., 2016). The reasons for this inconsistency are not clear. Further 
research is needed to explain why so little variance in USE scores was explained by 
the measures that have been shown to be more predictive in samples from other 
countries. 

Although our study included a number of predictors, many other factors may 
contribute to the observed variation in USE scores. For example, research has sug-
gested an important role for executive functions and working memory. Executive 
functions  — updating, shifting and inhibition  — along with working memory 
bring together basic cognitive functions that take part in information processing 
and perform cognitive and behavioral regulation (Baddeley, 2012; Banich, 2009; 
Best & Miller, 2010; Miyake & Friedman, 2012). These functions have been linked 
to learning in general (Alloway & Alloway, 2010; St Clair-Thompson & Gathercole, 
2006) and to mathematical ability (Cragg & Gilmore, 2014; Mazzocco & Kover, 
2007; Meltzer, 2018). Effortful control and executive functions have also been 
linked to academic achievement and the quality of teacher-student interaction at 
school (Liew, 2012).

In our study, the Corsi block test was the only measure providing any insight 
into the relationship between working memory and exam performance. We did 
not find an association between this measure and USE scores, in either group. This 
lack of association may be explained by the fact that the Corsi block task does 
not capture the executive component of working memory (Kessels, van den Berg, 
Ruis, & Brands, 2008; Vandierendonck, Kemps, Fastame, & Szmalec, 2004). It is 
possible that individual differences in working memory and executive functions 
explain part of the variance in exam performance and the tight association between 
mathematics and Russian USE scores within the groups.

Another group of factors that may explain variation in USE scores concerns 
emotional processes, such as mathematical and test anxiety. Mathematical anxiety 
emerges specifically in situations when a person has to deal with mathematical 
problems, either in a classroom or in real life (Maloney & Beilock, 2012), impairing 
learning and academic success (Ashcraft, 2002; Ma & Xu, 2004; Sherman & Wither, 
2003; Wang et al., 2014). University students with higher levels of mathematical 
anxiety have been shown to have less precise representations of numerical magni-
tude (Núñez-Peña & Suárez-Pellicioni, 2014). Test anxiety may impair cognitive 
control and thereby undermine cognitive performance, unless compensatory strat-
egies are used (Eysenck, Derakshan, Santos, & Calvo, 2007; Putwain, 2008, 2018; 
Putwain, Connors, & Symes, 2010).

Another group of factors, relevant to the USE, involves students’ socioeconom-
ic background. Students’ academic success is associated with the socioeconomic 
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status of their family (Schoon, 2010; Sirin, 2005). Performance on standardized 
exam tests, like the SAT, is also associated with socioeconomic background (Zwick, 
2004). One study revealed a 15-point difference in math USE scores in students 
from rich and poor families, controlling for school performance (Prakhov and 
Yudkevich, 2012). The students from affluent families had higher USE scores, even 
though at school they achieved the same marks as students from poor families. To 
boost children’s performance on specific exams, many Russian families, both poor 
and wealthy, hire private tutors or send their children to preparatory courses. One 
study (Prakhov and Yudkevich, 2012) demonstrated that students from wealthier 
families achieved higher USE scores, even with the same amount of additional 
training. Research has demonstrated a 20% overall effect of extracurricular train-
ing (Prakhov, 2014).

The Unified State Exam in Russia aims to provide equal opportunities to all 
school students in Russia, in terms of entry to higher education and occupations. 
However, it is not yet clear whether this goal is fully achieved (Uvarov & Yastrebov, 
2014). Further research is needed to gain a better understanding of factors that lead 
to the observed wide variation in exam performance. As many factors are interde-
pendent, it remains a challenge to estimate the independent contribution of each 
factor, as well as their interactive effects. Large-scale population-based studies are 
needed to achieve this goal.

Conclusion
Students from schools with an advanced mathematical curriculum, in compari-
son with students from regular schools, performed better on cognitive tasks, 
appraised their mathematical abilities higher, and achieved higher exam scores, 
both on mathematics and Russian USEs. Cognitive measures, including acquired 
mathematical knowledge, number sense, and response speed differed on average 
between the two groups, but they did not explain much variation in USE scores 
within the groups.

Limitations
The present study combined the data of 496 school students; however, only 207 of 
them reported math USE scores and only 273 reported Russian USE scores. This 
limits the statistical power of analyses involving USE scores in our study, poten-
tially leading to undetected small effects. In addition, the pattern of missing data 
may not be random in terms of why students did not report their exam scores. An-
other constraint of the study is the limited number of cognitive and non-cognitive 
characteristics that were used as predictors of exam performance. Future research 
may address other potential predictors, such as executive functions, test and math 
anxiety, and family wealth. In addition, further research is needed into potential 
cohort effects to follow up on updates of the USE. For example, the advanced form 
of the mathematics USE was introduced for better differentiation of high-perform-
ing students.
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