
SUPPLEMENTARY MATERIALS   
 
 
S1 The Schooling Effect (Main Analysis) 
Here we provide some supporting details and materials relevant to our main analyses on the schooling effect. 
 
S1.1 Longitudinal Studies 
All longitudinal studies involved two groups of children. Each group had a test (of executive functions) at T1 and another test at T2. 
These studies had one of two design structures. In scenario A, the two groups have had the same schooling experience at time T1 
(e.g., both in preschool). In scenario B, one group already has had a greater amount of schooling experience than the other at T1 (e.g., 
one in preschool (“Lower-Level”) and one in kindergarten (“Higher-Level”). Importantly, in either scenario, by the time the children reach 
post-test at T2, one (and only one) group would have experienced a higher grade (e.g. finishing first grade) while the other group would 
have stayed at the same level (e.g. staying in preschool). This guarantees that at T2, there will always be a difference in the schooling 
level of the two groups, one “Lower-Level” and one “Higher-Level”. 

These two scenarios required two different analytical approaches. In scenario A, where both groups of children had no school 
experience or the same amount of school experience at T1 but differed in their level of experience at T2, we computed an interaction 
estimate. This is essentially an estimation of the interaction effect. In scenario B, where there was a difference in school experience 
at T1 and a difference in school experience at T2, we computed separate contrasts at each timepoint and took the average of the two 
values. This ensured that meaningful information about schooling history at both T1 and T2 was captured (see Table S3 for 
computational steps). (The following studies were classified as scenario A (group contrast average across two timepoints): Brod et al. 
(2017) A, B; Burrage et al. (2008) A; Davidson et al. (2023); Kim et al. (2021)a A; McKay et al. (2021); Naito & Miura (2001); and Zhang 
et al. (2019) A, B. And, the following were classified as scenario B: Kim et al. (2021)a B; Morrison et al. (1995); Roebers et al. (2011) 
A, B, C.) 
  
S1.2 Cross-Sectional Studies 
For cross-sectional studies, we used a single timepoint contrast to determine the effect of schooling. In all these studies, there were 
two groups of children, a “Lower” group that had less (or no) school and a “Higher-Level”  group that had relatively more schooling. For 
all remaining studies involving a single timepoint measurement, we computed a group contrast at a single timepoint (see Table S3).   
 

 
 
 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table S1: Steps for computing Scenario A estimates. “Higher-Level” and “Lower-Level” subscripts refer to the group 
classification, and T1 and T2 refer to the timepoints at which each measurement was taken 
 

 

 

Scenario A Description 

Step 1 (a): 
𝑔	 = 𝐽	 ∗ 	

(𝑀"# −𝑀"$)
𝑆𝐷%&&'()

	 
Equation for calculating standardized 
mean change using raw score 
standardization with pooled standard 
deviations and heteroscedastic 
population variances at the two 
measurement occasions. g is 
calculated for each group of children. 
(Bonett, 2008; Lakens, 2013) [R 
package metafor; function escalc(); 
measure="SMCRPH"] 
 

where (b) 
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 Equation for computing the 
pooled SD in Step 1 (a) 
(Lakens, 2013) 

and (c) 
𝐽	 = 1	 −

3
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 Equation for computing Hedges’ 

correction factor in Step 1 (a) 
(Borenstein et al., 2009) 
Equation 4.22 
 

Step 2: 
𝑣(𝑔) 	=
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𝑛
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Compute the variance 
(Borenstein et al., 2009) 
Equation 4.28 
R package metafor; function escalc(); 
measure="SMCRPH" 
 

Step 3: 𝑔# 	= 	𝑔*+,-(./(0('	 −	𝑔/&1(./(0('		 Compute the difference 
 

Step 4: 𝑣(𝑔)# 	= 	 𝑣(𝑔)*+,-(./(0('	 +	𝑣(𝑔)/&1(./(0('		 Compute the sum 
 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Scenario B & Single Timepoint Contrast Description 

Step 1 (a): = 𝑔 = 𝐽	 ∗ 	
(𝑀*+,-(./(0(' −𝑀/&1(./(0(')

𝑆𝐷%&&'()
	 

Equation for calculating standardized mean change 
using raw score standardization with pooled standard 
deviations and heteroscedastic population variances 
for the two measurement groups (Bonett, 2008). g is 
calculated for each timepoint: pretest and posttest in 
the pretest-posttest design, and for the single 
timepoint in the cross-sectional design. (Bonett, 
2008) R package metafor; function escalc(); 
measure="SMDH" 
 

where (b)  𝑆𝐷!""#$% = 5
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Equation for computing the pooled SD in Step 
1 (a) (Borenstein et al., 2009) Equation 4.19  
 

where (c): 𝐽	 = 1	 −
3

4(𝑛*+,-(./(0(' +	𝑛/&1(./(0('	 − 2) − 1
	  

Equation for computing Hedges’ correction 
factor for Step 1 (a) (Borenstein et al., 2009) 
Equation 4.22 

Step 2: 

𝑣(𝑔) 	=
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Compute the variance 
R package metafor; function escalc(); 
measure="SMDH" (Borenstein et al., 2009) 
Equation 4.20 
 

Longitudinal designs only: 
 

Step 3: 𝑔# 	= 	
𝑔"$	 +	𝑔"#	

2
	 

Compute the average  (Borenstein et al., 2009) 
Equation 24.4 

Step 4: 𝑣(𝑔#) 	=
1
4
6𝑣"$	 + 𝑣"#	 − 2(𝑟$)7𝑣"$	7𝑣"#	8	 

Compute variance (Borenstein et al., 2009) Equation 
24.5 R1 values are provided in Table S5.  
 



Table S2: Steps for computing Scenario B estimates and group contrasts at a single timepoint. “Higher-Level” and “Lower-
Level” subscripts refer to the group classification, and T1 and T2 refer to the timepoints at which each measurement was taken  
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Table S3: Steps for computing synthetic effects and variances 
 

 

 

 

 

 

 

Steps for computing synthetic effects and variances for studies that have multiple experiments 
sharing the same participants  

Description 

Step 1: 
 𝑔=>?@-(@+A =

∑ 𝑔+B
+	C$
𝑘

	 
Compute the synthetic effect given 
𝑘 effect sizes 𝑔!, 𝑔", … 𝑔# 
(Borenstein et al., 2009) 
Equation 24.4 
 

Step 2: 
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Compute the synthetic variance 
given 𝑘 variances 𝑉!, 𝑉", … 𝑉#, and 
their pairwise correlations, 𝑟$%. A list 
of correlations are provided in 
Table S5. (Borenstein et al., 2009) 
Equation 24.5 
 



 
 Authors 

R1 
[T1-T2 correlation] Source 

 R2 
[Correlation between  

studies w/in experiments] 

Source 

Brod et al. (2017) (A) 0.45 Average of non-zero 
correlations 

 
 
 

   0.37 

Average of non-zero 
correlations 

 (B) 0.45 Average of non-zero 
correlations 

Burrage et al. (2008) (A) 0.45 Average of non-zero 
correlations 

 
 
 

     0.24 

 
 
 

Burrage et al. (2008) (B)  0.45 Average of non-zero 
correlations 

Cahan and Noyman 
(2001) (A) 

– 
– 

 
 
 

0.50  
 
 

Estimate 
 

(B) – 
– 

(C) – 
– 

Davidson et al. (2023) 0.45 Average of non-zero 
correlations 

– 
– 

Kim et al. (2021)a (A) 0.45 Average of non-zero 
correlations 

 
 
 

       0.37 
 

 
 

Average of non-zero 
correlations (B) 0.45 Average of non-zero 

correlations 

McCrea et al. (1999) (A) – 
– 

0.39 

Lung et al. (2018) 
(B) – 

– 



(C) – 
– 

0.39 

Lung et al. (2018) 
(D) – 

– 

(E) – 
– 

0.39 

Lung et al. (2018) 
(F) – 

– 

McKay et al. (2021) 0.45 Average of non-zero 
correlations 

– 
– 

Morrison et al. (1995) 0.45 Average of non-zero 
correlations 

– 
– 

Naito and Miura (2001) 0.45 Average of non-zero 
correlations 

– 
– 

Oeri and Roebers (2021) – 
– 

– 
– 

Roebers et al. (2011) (A) 0.48 
Roebers et al. (2011)  

 
 
 
 

0.35 
 
 
 
 

Roebers et al. (2011) 

(B) 0.35 
Roebers et al. (2011)  

(C) 0.58 
Roebers et al. (2011)  

Skibbe et al. (2011) 0.45 Average of non-zero 
correlations 

– 
– 

Zhang et al. (2019) (A) 0.026 
Zhang et al. (2019) 

 
 

 
 



 
 
 
 

 
 
Table S4: Correlation estimates between T1 and T2 (R1) and between different experiments within the same publication (R2) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(B) 0.4 
Zhang et al. (2019) 

0.39 Monette et al. (2015) 



S2 The Maturation Effect (Exploratory Analysis)  
 
These supplementary materials support the exploratory analysis of age-related effects on EF over a typical school year and the 
combined effects of age-related maturation and schooling on EF. We used the longitudinal studies that included what we termed a 
‘NoNet’ group and a ‘PlusOne’ group (see Table S6 for group designations). Children in the NoNet group did not have a new school 
experience between T1 and T2 (e.g., repeating preschool), while children in the PlusOne group experienced a nominal ‘school year’ 
at a higher level of schooling between T1 and T2 (e.g., completing 1st grade). ‘School year’ was defined as the timespan from T1 to 
T2, which varied from study to study, with a mean of approx. 8.6 months (our estimates of the timespan for each of these studies was 
12 mo (Brod et al., 2017), 7 mo (Burrage et al., 2008), 12 mo (Davidson et al., 2023), 9 mo (Kim et al., 2021)a A, 9 mo (McKay et al. 
(2022), 7 mo (Naito & Miura, 2001), 8 mo (Roebers et al., 2011), and 4.5 mo (Zhang et al., 2019). In order to compute the effect of 
maturation, we computed standardized mean differences (SMD) and associated variances for the contrasts between T2 and T1 (Steps 
1 and 2 in Table S2) for each group. Results are shown below in Table S5 and Figure S1. To corroborate the summary estimate we 
found for the combined effect of maturation and schooling (g = 0.37), we extracted comparable estimates from a large-scale study that 
measured developmental gains in NIH Toolbox Cognition Battery scores (Akshoomoff et al., 2014). Those results appear in Figure S2. 
 

 

 

 

 

 

 

 

 

 

 



  SCHOOLING HISTORY   

  T1 T2 SMD [95% CISE] 

 Authors Year ‘NoNet’  ‘PlusOne’  ‘‘NoNet’  ‘PlusOne’         NoNet      PlusOne 

Brod et al. (2017) 
(A)  

2017 PS (NS) PS (NS) PS (NS) First  
 

 0.28 [0, 0.57] 
 

 
 

0.50  [0.14, 0.85] 
(B) 2017 PS (NS) PS (NS) PS (NS) First 

Burrage et al. 
(2008) (A) 

2008 PS (NS) PS (NS) PS (NS) KG  
 

0.91 [0.45, 
1.37] 

 
 

0.43 [0.14, 1.73] 

(B)  2008 PS (NS) PS (NS) PS (NS) KG 

Davidson et al. 
(2023) 

2023 PS (NS) PS (NS) PS (NS) First -0.26 [-0.60, 
0.07] 

0.21 [-0.12, 0.54] 

Kim et al. (2021)a 
(A) 

2021 NONE 
(NS) 

PS (NS) PS (NS) KG 0.41  [0.08, 
0.74] 

0.04 [-0.21, 0.30] 

(B) 2021 PS (NS) KG KG First Excluded – there is no proper ‘NoNet’ 
group 

McKay et al. (2021) 2021 PS (NS) PS (NS)  PS (NS) First 0.12  [-0.27, 
0.51] 

0.32 [-0.04, 0.68] 

Morrison et al. 
(1995) 

1995 HOME 
(NS) 

KG KG  First  Excluded – there is no proper ‘NoNet’ 
group 

Naito and Miura 
(2001) 

2001 HOME 
(NS) 

PS (NS)  PS (NS)  First  0.06  [-0.39, 
0.52] 

0.26  [-0.19, 0.72] 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Table S5: Results of the exploratory analyses of the effect of maturation alone (NoNet) and the combined effect of 
maturation and schooling on executive functions (PlusOne) in the longitudinal studies within our meta-analysis. (NS = no 
school, PS =  preschool, KG = kindergarten, MIXED was a largely unstructured environment (please see Roebers et al. (2011) for 
more information), and HOME indicates children had not yet entered a childcare/educational institution.)  
 
 
 
 

Roebers et al. 
(2011) (A) 

2011 MIXED PS (NS) MIXED First  
 
 

0.30 [0.07, 
0.53] 

 
 
 

0.47 [0.29, 0.64] 
(B) 2011 MIXED PS (NS) MIXED First 

(C) 2011 MIXED PS (NS) MIXED First 

Zhang et al. (2019) 
(A) 

2018 HOME 
(NS) 

PS (NS) PS (NS) First   
 

0.47 [-0.02, 
0.97] 

 
 

0.80 [0.40, 1.20] 

(B) 2018 HOME 
(NS) 

PS (NS) PS (NS) First 



 
 
Figure S1: Forest plot for the exploratory analyses of the effect of maturation alone (NoNet) and the combined effect of 
maturation and schooling (PlusOne) on executive functions in the longitudinal studies within our meta-analysis. Over a 
nominal ‘school year’ (defined as the timespan from T1 to T2 – which varied from study to study, with a mean of approx. 8.6 months), 
children in the NoNet group did not have any new school experience (e.g., staying in preschool), while the PlusOne group experienced 
one new level of school (e.g., completing 1st grade).  
 
 
 

 

Estimate [95% 
CI] 



 

Figure S2: Estimating executive function gains as a function of time. A large-scale study from 1,020 typically developing 
participants from 3 to 20 years of age across 9 sites in the US explicitly measured gains in NIH Toolbox Cognition Battery (NTCB) 
scores, as part of the shared Pediatric Imaging, Neurocognition, and Genetics (PING) database (Akshoomoff et al., 2014). We used 
this study to corroborate the general, combined maturation and schooling effects we found in our exploratory analysis described above. 
To be as consistent as possible with the measures of executive function that contributed to that analysis, we focused on the DCCS 
(dimensional change card sort), flanker, picture sequence, and list sort tests over a 3.5 - 7.5 year-old age range (matching that of the 
longitudinal studies used for our exploratory maturation analysis above) from Akshoomoff et al. (2014). Using the developmental 
trajectory graphs presented in that study, we extracted individual data points using the online tool PlotDigitizer. As can be seen here, 
in all four cases, data within this range was well approximated by a linear function (linear equations, R2 values, and score SDs are 
shown for each panel). The slope of this function, then, relates increases in mean score to time. From this, we can determine the mean 
increase in score that corresponds to a nominal ‘school year’ (i.e., the amount of time between T1 and T2 in the longitudinal studies, 



which varied from study to study with a mean of approx. 8.6 months). Dividing this increase by the data set’s pooled population standard 
deviation yields SMD estimates of 0.36, 0.34, 0.36, and 0.34, for DCCS, flanker, picture sequence, and list sort, respectively. These 
values closely match the general, combined maturation and schooling effect (0.37) we found in our exploratory analysis (please see 
Table S5 and Figure S1 above). 
 

 


