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Primary school mathematics during the COVID-19 pandemic: No evidence 
of learning gaps in adaptive practicing results 
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A B S T R A C T   

Background: The COVID-19 pandemic induced many governments to close schools for months. Evidence so far 
suggests that learning has suffered as a result. Here, it is investigated whether forms of computer-assisted 
learning mitigated the decrements in learning observed during the lockdown. 
Method: Performance of 53,656 primary school students who used adaptive practicing software for mathematics 
was compared to performance of similar students in the preceding year. 
Results: During the lockdown progress was faster than it had been the year before, contradicting results reported 
so far. These enhanced gains were correlated with increased use, and remained after the lockdown ended. This 
was the case for all grades but more so for lower grades and for weak students, but less so for students in schools 
with disadvantaged populations. 
Conclusions: These results suggest that adaptive practicing software may mitigate, or even reverse, the negative 
effects of school closures on mathematics learning.   

1. Introduction 

While the COVID-19 pandemic is in first instance a medical emer-
gency, it has had vast consequences in many sectors. For education, 
lockdowns included the closure of schools in many countries [1,2]. 
While schools have typically moved to forms of distance learning, it has 
now become clear that the school closures have led to decrements in 
learning [3,4]. Moreover, these decrements were projected to be un-
evenly distributed, with students from less privileged backgrounds hit 
harder than others [5,6]. 

Most studies of learning during periods of school closures have 
analyzed standardized test data of primary school students. These 
studies have generally found that, on average, students had lower 
achievement at the end of a semester including the school closures than 
their peers did in the same period in previous years. A very large 
American study of 4.4 million grade 3–8 students found performance on 
the MAP Growth assessments at normal levels in October 2020 (i.e., 
after school closures), but math scores in the same assessments some 
5–10 percentile scores lower than in previous years [7]. Decrements 
were larger for mathematics scores than for English scores, and larger 
for lower grades (i.e., 3–5) -although also higher grades (6–8) did not 
perform as well in 2020 than they did in earlier years. Two studies done 
on Dutch students compared standardized tests administered just before 

a lockdown period (February 2020) to performance after an eight-week 
school closure period (June 2020). One study, using data from 350,000 
students, concluded that the gap in achievement compared to earlier 
years was of a size (3 percentile points) consistent with that the weeks of 
online education had been a vacation in which no learning had occurred 
[6]. Another study, using data from 110.000 students [8], showed that 
decrements were seen for all grades and all levels of prior proficiency, 
most strongly for reading comprehension but also for mathematics and 
spelling. A study of grade-6 exam results from 402 of Belgium’s Dutch 
-language schools showed a drop equal to 0.2 standard deviations 
compared to previous years in mathematics, and a drop equal to 0.3 
standard deviations in language scores [9]. 

School closures were also feared to lead to an increase in educational 
inequality [5]. Findings in this regard were somewhat mixed, depending 
on what data was available to correlate with test scores. Three studies 
[6–8] noted that decrements in achievement were not correlated with 
previous attainment – in other words, student who had lower scores 
preceding the lockdown did not suffer more during it. At the school 
level, two studies [6,9] observed strong variation between schools in 
how much their students had suffered from the lockdown, which Mal-
donado and De Witte [9] could link to the student population: schools 
with more disadvantaged students in their population were more likely 
to show decrements in results after the school closures. Engzell et al. [6] 
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did not have such school-level data, but they could couple results to 
parental educational attainment. They showed that in their sample, 
students with parents with less educational attainment had learning 
decrements that were up to 55% larger than students with highly 
educated parents. Kuhlfeld et al. [7] could not confirm any of these 
patterns, but they did see worrying signs of mounting inequality in their 
attrition analyses: Compared to other years, many more students with a 
disadvantaged background were not tested at all. 

All studies discussed above rely on a comparison of results from 
standardized tests from 2020 with previous years. The use of such data 
from standardized tests has several advantages. They tend to be 
mandatory for schools and students, allaying fears about selection. 
Moreover comparability with previous years is usually guaranteed by 
the rigorous testing procedures. However, relying on such tests also has 
disadvantages. First, they lack temporal precision, with typically one or 
two measurements a year. This means that what is observed is a 
decrement in achievement after a lockdown, not a decrement in learning 
during the lockdown. While it seems a small step to infer lower learning 
during a lockdown from lower achievement after one, such an inference 
is not entirely justified. In particular, any effect from the period of school 
closures cannot be disentangled from the period when schools had 
reopened, which is typically also part of the interval in between two 
testing occasions. This is problematic because after reopening, educa-
tion was in all likelihood not equal to how it would have been in a 
normal year. 

Second, and related, the critical test in the comparison was admin-
istered in June or October 2020, when schools were still heavily affected 
by the COVID-19 pandemic. In all studies it was noted that not all 
schools had administered the test, or not to all students, and that 
nonresponse was not randomly distributed [6,7,9]. Moreover, the 
setting of the test may have been abnormal, schools may have prepared 
less or differently for it than in other years, and students may have 
worked differently than they would otherwise have (e.g., because 
emotional upheaval as a results of the pandemic). 

Here, we present results from a different source of data, adaptive 
practicing software. Such software typically computes proficiency scores 
on a fine-grained time scale (up to real-time, updated after every exer-
cise), which allows us to plot learning throughout the whole school 
closure period and the period thereafter. Two other studies have used 
similar data sets, one looking at online mathematics learning in German 
primary school students [10], and at online foreign vocabulary learning 
in secondary school children [11]. Both found no evidence of learning 
decrements during the lockdown, which seem to be at odds with the 
findings reported above. We used similar data to study two questions:  

• If learning decrements can be detected, how do they build up during 
the school closures, and the period immediately thereafter?  

• Is there evidence of increasing inequality in scores, either as a 
function of prior learning or of background, during the school 
closures? 

2. Methods 

2.1. Context 

Snappet is a digital learning environment that is primarily used for 
teaching and adaptive practicing in mathematics, language and spelling 
within classroom contexts. It is aimed at primary schools, and is used by 
a sizeable number of schools in both the Netherlands and Spain. Only 
Dutch data was used, and only data related to mathematics. 

Snappet comes pre-installed on tablets that schools can hand out to 
their students. It is an environment in which students can practice 
mathematical skills, mostly with exercises that require them to give 
numeric answers but also some multiple-choice questions. Students 
receive immediate feedback on each exercise. Data from each student is 
then collected on a dashboard for the teacher, who can use real-time 

data to adjust their instruction or give personal feedback to individual 
students [12]. Internally, Snappet computes estimates of student 
achievement using item response theory, using the so-called Rasch 
model [13]. There are computed both at the level of individual skills and 
of general mathematical achievement. Item response theory is a 
framework where the difficulty of each item (usually referred to, for 
item i, as δi) and the ‘trait score’ of each respondent (referred to, for 
respondent n, as βn) are estimated on the basis of the responses given 
[14]. Within Snappet, the ‘trait score’ is not a fixed trait, but instead 
achievement as can be derived from recent performance, with the esti-
mate updated after each item. Each Sunday morning these estimates 
were stored in a database, which is the raw data used in this study. 

Snappet contains pools of exercises for each mathematics learning 
objective taught in primary school (item pools were relatively stable for 
the two years covered in this study). Teachers select a learning objective 
for a lesson, and then typically select a few exercises that are performed 
by all students in class, and discussed collectively. After that, students 
work at their own level: exercises are selected so that, given the stu-
dent’s level of achievement, the likelihood of answering them correctly 
is within a fixed bandwidth. 

2.2. Participants 

Of the 6333 primary schools in the Netherlands, around a third is 
currently using Snappet, of these 810 (36%) consented to using their 
data on a pseudonymous basis for scientific research. 

To have some handle on population in the schools, we used the 
‘disadvantaged population’ scores computed by the Dutch national bu-
reau of statistics (CBS) for the purpose of disbursing remediation funds 
to schools with many students from disadvantaged households. The 
score is derived from a regression, predicting standardized test scores 
from demographic characteristics. Variables that predict lower results 
are then added to the score of a school, such as students stemming from 
household with low parental educational attainment, low income, 
migration background, single-parent household, etc. These scores were 
subdivided into deciles (for 12% of consenting schools, this index was 
not available). Fig. 1 shows the proportion of schools that fall within 
each decile, both of all Snappet schools and the schools that consented to 
data use. The distribution of consenting schools over deciles did not 
differ from all Snappet schools (χ2(9)=6.35, p=.70), but it did from all 
Dutch schools (χ2(9)=23.39, p=.005) due to a slight overrepresentation 
of schools with a more disadvantaged population. 

Within the participating schools, 100,471 students used Snappet 
sufficiently (i.e., for 16 weeks of the year, see below) to have achieve-
ment estimates for the periods under study. No clear estimate can be 
given of the number of students who did not meet the inclusion criteria, 
but consideration of the number of classes included (between 2200 and 
2500 in both years) and the average number of students per class in 
Dutch primary schools (23.4) suggest that only around 2% of students 
were excluded. Due to schools using Snappet in some grades but not 
others, or starting and stopping to use it for different cohorts of students, 
there was sizeable variation in student numbers per grade (see Table 1). 
Few schools used Snappet in first grade (over the two years, 446 stu-
dents) – this grade was therefore dropped in the analyses. There was 
some increase in student numbers from school year 2018–19 to 
2019–20, probably resulting from the fact that some consenting schools 
started using Snappet only in 2019–20 (while schools that had used it in 
2018–19 but not in 2019–20 were not asked for their consent in using 
the data). 

2.3. Data analysis 

Data analysis was run on Snappet servers with a script provided by 
the researcher and a student assistant. They did not have access to raw 
data, out of privacy concerns. Data was used from the schools that 
consented to pseudonymous use for research. 
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The weekly estimates of mathematics achievement were divided, for 
the school years 2018–19 (control year) and 2019–20 (year of COVID- 
19), into three periods: the pre-lockdown period (i.e., from the start of 
the school year up to March 16), lockdown period (March 14 – May 
11th), and post-lockdown period (from May 11th up to the end of the 
school year). Students were included in the analyses when they had at 
least 16 weekly estimates (i.e., who had used Snappet for at least 16 
weeks, or 40% of the year), were in classes with at least 10 users (to 
exclude classes in which Snappet was used either only for remediation or 
as optional material), and had at least two data points in each of the 
three periods. 

In our main analysis, we compared the achievement estimates for 
students who used Snappet in 2019–20 with those who used it in 
2018–19, for each of the three periods. We averaged the weekly 
achievement estimates (i.e., parameter βn of the Rash model) per period 
resulting in three averages per student. Since the data has a hierarchical 
structure, with students nested within schools, we performed a linear 
mixed model (LMM) analysis with random intercepts included for both 
schools and students, and as fixed factor the three periods (before, 
during and after lockdown). This analysis was repeated for each grade. 

Exercises within Snappet are related to learning objectives. It might 
be possible that students, during the lockdown, worked on a few 
learning objectives that they would then master to a high degree, arti-
ficially inflating their achievement estimates. To analyze whether stu-
dents covered the same breath of material during the lockdown as they 
would have in previous years, we analysed the number of learning ob-
jectives broached by the students during the lockdown, and during the 

same period in the control year (2018–19). A learning objective was 
counted as broached when the student performed one or more items 
related to it. Since the accessibility of learning objectives is under 
teacher control, this would indicate that the teacher had made the 
learning objective available, and thus deemed suitable for the student. A 
t-test was done per grade comparing the number of sets done by the 
students in the two years. We repeated the LMMs for only the lockdown 
period with the number of sets finished as a fixed-effect covariate to 
control for any differences in the materials covered in the two years. 

To separate learning from achievement, a linear regression line was 
fit, for each student and each period separately, on the weekly 
achievement estimates within that period. This led to, for each student 
and period, two coefficients: an intercept that indicated the starting 
level of the student, and a slope coefficient that indicated the average 
increase in achievement per week (i.e., learning). To measure the 
attainment at the closing of a period, we used the regression coefficients 
to compute an estimated endpoint of the regression line for each indi-
vidual student. 

Students were then split into three equal bins on the basis of their 
results in the first half of the year. This was done on a per-class basis, to 
ensure that any effect of bin was not confounded with school- or class- 
level differences (binning the whole cohort in one go yielded only 
numerically different results). For each period, ANOVAs were performed 
with either learning or attainment at the end of the period as the 
dependent measure, and year and student bin as fixed factors.1 

Both grade and school bin, defined by the decile of ‘disadvantaged 
population’ scores shown in Fig. 1, were also investigated. No omnibus 
analysis was attempted since the large data set would have resulted in 
significant effects that would have been difficult to interpret given the 
many levels of both variables. Instead, for each school bin and grade, 
Cohen’s d was computed as an effect size (as the difference in mean 
learning or achievement between 2018–19 and 2019–20, divided by the 
pooled standard deviation), Then, 99% confidence intervals were 

Fig. 1. Distribution of schools consenting to data use as a function of the index of disadvantaged students in their population. All Dutch primary schools were 
subdivided into deciles on the basis of this index (with the first decile having very few disadvantaged students, and the 10th many). Missing refers to the proportion of 
schools for which this index was missing – all other proportions were computed with reference to the number of schools where the index was not missing. 

Table 1 
Included students using Snappet in each grade, in school years 2018–19 and 
2019–2020, and the same periods in school year 2018–19.  

Grade 2018–19 2019–20 
2 6845 7755 
3 9633 11,975 
4 12,722 12,614 
5 6338 14,979 
6 11,277 6333 
Total 46,815 53,656  

1 LMMs using these coefficients failed to converge, which is why the main 
analysis was done with simple averages of the weekly estimates and analyses 
with student and school bins with ANOVAs. 

M. Meeter                                                                                                                                                                                                                                         



Trends in Neuroscience and Education 25 (2021) 100163

4

computed around each effect size. To pinpoint results to specific bins or 
grades, confidence intervals for the different school bins and grades 
were compared. 

2.4. Ethics 

The study was conducted under a protocol approved by the local 
Institutional Review Board. The data cannot be made publicly available 
due to privacy restrictions. 

3. Results 

Fig. 2 shows average estimated attainment as a function of school 
week and grade, separately for the year of COVID-19 and the control 
year 2018–19. For most grades there was a slight advantage of 2018–19 
students over their 2019–20 peers before the lockdown. However, once 
the lockdown started, the two years started to diverge. Learning was 
stronger for the lockdown year than the year before, and this effect 
remained when the lockdown ended, although the lines of the two years 
converged towards the end of the year. 

Table 2 shows the results from the LMM analysis, performed sepa-
rately for each grade, of the mean weekly estimated attainment for the 
three periods. The after-lockdown period was used as reference level, 
and for each grade except the sixth there was a positive effect of year, 
meaning higher attainment in the year of COVID-19 than in the control 
year. Coefficients for the “before lockdown” and the “year-before lock-
down” interaction were negative, reflecting that attainment was lower 
at the start of the school year than at the end, and that students had 
started out at a slightly lower level in 2019–20 than in 2018–19. For the 
lockdown period, the “year:lockdown” interaction was still negative in 
each grade (indicating greater advantage for the COVID-19 year in the 
after-lockdown period than in the lockdown period), but much smaller 
than that of the before-lockdown periods, reflecting the stronger 
learning during the lockdown in 2019–20. 

The average number of learning objectives broached during the 
lockdown varied between 6.6 (grade 2 in 2019–20) and 8.5 (grade 5, 
2019–20). It was between 6% and 10% lower in 2019–20 than in 
2018–19 for all grades except grade 5, where it was 5% higher (t>6; 
p<.001 for all grades). LMMs for only lockdown period with year and 
number of learning objectives broached as variables showed that the 
number of learning objectives broached was positively related to the 

weekly attainment estimates (z>18, p<.001 for all grades). However, 
difference in learning objectives broached did not explain stronger 
learning in the COVID-19 year – in the LMM, coefficients that expressed 
the effect of year somewhat higher than those reported in Table 2. 

Moving to the learning and attainment coefficients that resulted from 
linear regressions per participant, Fig. 3 shows the difference in learning 
and attainment coefficients between 201819 and 2019–20 expressed as 
an effect size (Cohen’s d). Panels a and c show average learning and 
attainment as a function of student bin and period. Pre-lockdown, there 
was slightly stronger learning in 2019 than 2018 (positive effect size for 
all three bins), in which 2019–20 students were making up for a lower 
level of attainment at the start of the year (negative effect size for pre- 
lockdown period in panel c, of attainment). During the lockdown 
learning was much stronger in 2019–20 (positive effect sizes in panel a), 
leading to higher attainment at the end of the period (positive effect 
sizes in panel c). Higher attainment was still visible at the end of the 
post-lockdown period, even though weaker learning in this period 
(negative effect sizes for the post-lockdown period in panel a) mitigated 
some of it. 

These patterns were confirmed with a set of ANOVAs per period, 
with student bin and year as fixed factors. For the pre-lockdown period, 
there was a main effect of year on learning, in favor of 2019–20, F(1, 
100,456)=94,05, p<.001. There was also a main effect of student bin, 
reflecting somewhat stronger learning for the lowest bin, F(2, 
100,456)=91.13, p<.001, but no interaction between the two factors, F 
(2, 100,456)=2.09, p=.13. For the lockdown period, there was a main 
effect of year in favor of 2019–20, F(1, 100,456)=6844, p<.001, of 
student bin, again in favor of the lower bin, F(2, 75,459)=1052, which 
was qualified by an interaction between year and student bin, F(2, 
100,456)=368, p<.001): stronger learning during the lockdown was 
particularly pronounced for the lowest bin, with the higher bins 
benefiting progressively less (see Fig. 3, panel a). In the post-lockdown 
period, effects were reversed. The main effect of year, F(1, 100,456)=
1128, p<.001, now favoured 2018–19, while the interaction between 
student bin and year, F(2, 100,456)=53.19, p<.001, showed that the 
higher bin progressed more strongly after the 2020 lockdown that the 
lower bins. Only the main effect of student bin, F(2, 100,456)=56.54, 
p<.001, continued to favor the lower bin. 

Moving to attainment, an ANOVA with student bin and year as fixed 
factors for the pre-lockdown period showed a main effect of year, F(1, 
100,456)=34.38, p<.001, reflecting somewhat better attainment in 

Fig. 2. Weekly estimates of achievement for 2018–19 and 2019–20, separately for grades 2 to 6. The lockdown period is marked in yellow. Most students start using 
the software in grade 2, and it takes one to two weeks for the estimates to go from their default starting level to the true level of the student. Since the start of the 
school year is staggered in the Netherlands, this effect is smeared out over time. Weeks with sudden jumps up or down (e.g., the weeks underneath the gray box, the 
first May week and the last week) are vacation weeks in which only few students use the software. 
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2018–19 than in 2019–20, with a main effect of student bin, F(1, 
100,456)=21,151, p<.001 (obvious since bins were defined on the basis 
of attainment), and no interaction between these two factors, F(1, 
100,456)<1. After the lockdown, the main effect of year had reversed, F 
(1, 100,456)= 102, p<.001 with better attainment, now, for 2019–20. 
The main effect of student bin was still there, F(1, 100,456)= 19,158, 
p<.001, and now there was an interaction between student bin and year, 
F(1, 100,456)= 23.79, p<.001: attainment was especially higher in 
2019–20 for the students in the lowest bin (see Fig. 3, panel c). Due to 
missing information no ANOVA of attainment at the end of the post- 
lockdown period was possible, but Fig. 3, panel c shows that for both 
the lowest and the middle student bin, the confidence intervals around 
the effect size show that attainment was still higher for these groups than 
for their peers in the preceding year. This was not the case, however, for 
the highest bin, where attainment at the end of the year was not different 
from that of peers in the preceding year. 

Fig. 3, panel b shows the effect on learning during lockdown and 
post-lockdown split out per grade. Stronger learning during lockdown 
was especially prominent for the lower grades, and less so for the higher 
grades (this can also be seen in Fig. 2). However, the slowing of learning 
post-lockdown was also especially prominent for those grades. The 
suggestion of a trade-off between strong learning during the lockdown 
and weak learning after it was further strengthened by the small, 
negative correlation between learning estimates during and after the 
lockdown (r=− 0.25, p<.001). No such negative correlation was present 
between learning estimates for the pre-lockdown and lockdown periods 
(r = 0.06, p<.001). We come back to this in the discussion. 

Fig. 3, panel d shows attainment at the end of the school year as a 
function of school bin, where schools were binned on the basis of having 
a disadvantaged student population. Although there is some variation, 
stronger learning in the COVID-19 year was especially evident for the 
school bins with less disadvantaged populations. The two bins with the 
most disadvantaged populations were also two of the ones where the 
mean effect was not significantly different from 0 (as derived from the 
confidence intervals shown in the figure). 

One possible explanation for the stronger progress during the lock-
down in 2019–20 is simply more practicing. Fig. 3, panel e shows that 
while practice in the two years was about equal for the pre-lockdown 
period, students finished more exercises on Snappet during and after 
the lockdown in 2019–20 than their peers had done in 2018–19. How-
ever, the different was larger in the post-lockdown as opposed to the 
lockdown period. In the lockdown period, practicing was some 15% 
higher than it had been in the same period in 2018–19. In the post- 
lockdown period the difference was 30%, mostly because usage drop-
ped in that period in 2018–19 but not in 2019–20. High use correlated 
with stronger learning, though weakly so (r = 0.15, p<.001). This cor-
relation was about the same strength for the pre-lockdown period (r =
0.145, p<.001 between pre-lockdown practice and learning), but was 
absent for the post-lockdown period (r=− 0.001, p=.07). 

4. Discussion 

Several studies have shown, also for Dutch primary education [8,15], 
that, after the school closures, students had fallen behind compared to 
previous years. Here, using data from adaptive practicing software, we 
found no evidence of any learning decrements. During the period of 
school closures, students progressed more strongly than their peers in 
previous years had. This was especially true for younger students 
(grades 4 and 5), students who had weaker results before the lockdown, 
and students in schools with less disadvantaged student populations. 
These gains diminished in the weeks after the closures, when education 
returned to normal, but were still present. Although unexpected, the 
gains replicate those found in recent papers analyzing results from on-
line learning in German primary school students [10], and of foreign 
vocabulary learning in secondary school children [11]. 

Neither of the latter two studied the time after the lockdown. Why Ta
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the advantage for 2020 students dissipated during the return to normal 
education is unclear. It was not a result of less practice – in fact, number 
of completed exercises was higher in the COVID-19 year than the control 
year for this period. Education was messy in these weeks, with students 
first being taught in half classes for half of the week. This may have led 
to lower gains. Perhaps schools made a conscious choice to concentrate 
on student welfare or neglected skills. 

Nevertheless, for lower grades and weaker students, some gains were 
still present at the end of the school year. There are several possible 
explanations for the contrast between these results and those of other 
studies: 

4.1. Altered testing circumstances 

it is possible that the decrements in standardized test scores observed 
in other studies do not truly reflect learning deficits. Instead, they may 
reflect altered testing circumstances, such less preparation for the tests 
than in other years. The test analyzed by Engzell et al. [6] and Lek et al. 
[8] is formative, which may mean that schools may have not put too 
much emphasis on optimal preparation, optimal administration or 
optimal concentration by their students. However, this would not 
explain why the results on a high stakes test from a neighbouring 

country would yield very similar results [9]. 

4.2. Concentrating on the core 

it may have been that the school closures induced teachers to focus 
on core skills that, they felt, had to be covered or could be covered at a 
distance better than other topics. This might have led to strong learning 
on those skills (the learning objectives targeted by the adaptive prac-
ticing) at the detriment of other skills that are not emphasized during 
online practice but were part of the curriculum. As it is known that 
practice is essential to learning [16,17], more practice may have led to 
more learning. Indeed, practice was more intense during the 2020 
school closures than in the same period a year earlier (although the 
difference was not large, and did not align well with where the gains 
were seen). While this may explain the surprising finding of stronger 
learning in the lockdown than in the preceding year, it does not provide 
a good explanation for the mismatch between current findings and 
previous ones [6,8], since Snappet covers the same topics as standard-
ized mathematics tests. 

Fig. 3. Comparison of the COVID-19 year with the preceding control year (2018–19). Each bar shows an effect size (Cohen’s d) computed from the comparison. The 
error bars denote the 99% confidence interval around the estimate. (a). Change in average weekly learning for the pre-, lockdown, and post-lockdown periods, split 
up for the lowest- (L), middle- (M) and highest-achieving students, as defined by their average performance in the pre-lockdown period. (b) Same as preceding panel, 
but now split up per grade. (c) Change in estimated attainment at the end of each period for each of the three student bins. (d) Same, but only for the post-lockdown 
period (i.e., end of the year) and binning based on school disadvantaged student population scores. In blue the line of best fit through the ten estimates. (e). Change in 
practice, as measured by the number of exercises finished in a week by students, again separately for each period and student bin. 
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4.3. Reading comprehension 

One difference that does exist between Snappet exercises and those 
in standardized tests is that those in standardized tests tend to include 
many word problems, for which good reading skills are needed [18]. 
Both Engzell et al. [6] and Lek et al. [8] showed stronger decrements in 
reading comprehension than in mathematics after the school closures 
(this was also found in Belgium but not the US). Perhaps those decre-
ments in mathematics scores were at least partly a result of deficits in 
reading comprehension sustained by the school closures, and less of 
deficits in mathematical skills. 

4.4. More effective teaching 

The difference between the current results and those of Engzell et al. 
[6] and Lek et al. [8] may also reflect a true difference between schools 
relying on adaptive practicing software for mathematics teaching, and 
other schools. In particular, immediate feedback as offered by Snappet 
and similar software is known to be very effective in steering learning 
[19]. Indeed, the effectiveness of Snappet at boosting mathematics 
scores was shown in two large quasi-experiments [12,20]. Faber et al. 
[20] quantified it as 1.5 month of additional gain for primary school 
students using Snappet for four months. Schools in the current sample all 
relied at least partly on Snappet for mathematics teaching, while little is 
known about how schools in the sample of Engzell et al. [6] taught 
mathematics – presumably through of mix of methods that may not all 
have been as effective. Schools using Snappet may also have had the 
advantage that they could rely on methods of teaching that were 
well-adapted for distance education, while for schools relying on 
paper-and-pencil methods, the transition might have been more 
difficult. 

4.5. More effective distance education 

Benefits of adaptive practicing software and learning environments 
like it may be accentuated by school closures. The breakdown of routine 
and the lack of social contacts during school closures may lead to 
demotivation and problems keeping oneself at work, even in college 
students [21]. The current results show that students using adaptive 
practicing software increased the time spent practicing with it. It is 
unclear whether other forms of mathematics distance education lead to 
the same amount of practice, but one study suggests that they are not 
always very effective [22]. If home practice is more effective with 
adaptive practicing software like that of Snappet than in other forms, 
this may have been because of the rewarding nature of practice and 
seeing oneself improve, or the fact that education at home could rely on 
routines with Snappet tablets established in school. 

4.6. Inequality 

With regard to educational inequality, the current results replicate 
previous ones [6–8] in that students with lower prior results did not 
suffer more from the lockdown than other students. To the contrary, 
weak learners seemed to catch up to their more advanced peers during 
the school closures, to a larger extent than did peers in the preceding 
year. This replicates such findings of Spitzer and Musslik [10]. 

Part of this catching up was reversed as students returned to schools. 
An explanation for this may reside in differential effects of adaptive 
practice within the classroom. When Snappet is used in the classroom, 
more proficient students tend to benefit relative to students in class-
rooms where no adaptive practicing software was used [20]. In normal 
classrooms, those at the highest level of proficiency barely made any 
progress during a five-month study period. This relative lack of progress 
was much less pronounced in classes using adaptive practicing, pur-
portedly because adaptive practicing allowed proficient students to 
practice at their own level [12,20]. However, what then explains the 

finding of strong progress for weaker students during the school clo-
sures? This remains to be explored, but a reason may be that adaptive 
practicing software mostly incorporates mastery learning [23], which 
may be more effective if unmoored from classroom routines. 

While the results thus contain some good news, there are also in-
dications for increased inequality as a function of student background. 
Replicating Maldonado and De Witte [9], we found that schools with 
more disadvantaged student populations were characterized by less 
strong learning gains than schools with more advantaged populations. 
This adds to strong evidence that unequal outcomes are more a function 
of student background than of prior attainment [6]. In a study per-
formed in Great Britain, it was found that students from more disad-
vantaged backgrounds spent fewer hours learning at home during school 
closures than did their more fortunate peers [24], while a Dutch survey 
of parents found that parents with more education were more likely to 
state that they could help their children with distance education than 
parents with less education, even though both valued it equally [25]. 
Meanwhile, in the United States, it was found that schools with poorer 
student populations were more likely to close than schools with less poor 
student populations [26]. 

4.7. Limitations 

The study has several strengths, such as that it shows the time course 
of learning during the school closures, but also several limitations. The 
analyses were concentrated on mathematics skills, while other studies 
(e.g., [8,9]) found larger decrements in reading comprehension than in 
mathematics in primary school students. Moreover, privacy concerns led 
to data analysis being less extensive than it would otherwise have been, 
since it had to be done via intermediaries. This resulted in, for example, 
not all analyses being done with linear mixed models. However, the 
multilevel linear mixed models that could be fit confirmed the findings 
from other analyses, suggesting that the main results are not dependent 
on the particular statistical analysis used. 

Moreover, the schools who made their data available are not a 
random sample of all schools using adaptive practice, while those are in 
turn not a random sample of all primary schools in the Netherlands. A 
strong bias towards schools with privileged populations could be 
excluded (see Fig. 1), but less visible biases may exist and limit gener-
alizability. Moreover, generalizability to other countries may be 
problematic. 

5. Conclusion 

Here, learning in mathematics was analysed during the pandemic- 
induced school closures of spring 2020 using adaptive practicing soft-
ware. To our surprise, stronger learning was found during the school 
closures than in the year before. These gains were stronger for lower 
grades, and for students with weaker previous learning. However, while 
students in schools with more disadvantaged populations benefited, 
they benefited less. The study thus adds to those to suggest increased 
educational inequality as a result of the COVID-19 pandemic. However, 
more positively, it suggests that adaptive practicing software may be a 
way to attenuate learning losses due to school closures, or even reverse 
them. 
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