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A B S T R A C T   

The closure of schools due to COVID-19 disrupted learning routines of thousands of students, resulting in re-
ported performance decreases, especially among lower-performing students. However, some studies on students’ 
performance within intelligent tutoring systems (ITS) also found significant performance increases for times of 
school closures as compared to before. However, little is known about students’ longitudinal performance tra-
jectories within ITS. Accordingly, we evaluated longitudinal data from German students (n ≈ 2,700 students; n ≈
5 million problems) enrolled in an ITS for learning mathematics from January 2017 until the end of May 2021 to 
investigate the effect of periods of school closures (first and second) on students’ performance within the ITS 
during, between, and after school closures. We observed significant performance increases for both lower- and 
higher-performing students during, between, and after COVID-19 related school closures. Importantly, these 
improvements were more pronounced for lower-performing students compared to higher-performing students. 
Together, these results suggest that ITS may have helped to maintain mathematics learning, particularly for 
lower-performing students during COVID-19 related school closures and that these beneficial effects persisted at 
least for the following months when schools opened again. As such, the use of ITS for learning mathematics 
seems an appropriate approach for distance learning during times of crisis.   

Introduction 

In 2020, the COVID-19 pandemic caused abrupt school closures 
worldwide [54]. In Germany, schools closed in mid March 2020, which 
necessitated prompt adaptations to teaching modes to distance learning 
(e.g., [13,25,28]). One approach to this was the increased reliance on 
digital resources such as intelligent tutoring systems (henceforth ITS), as 
such systems provide students with rapid learning aids when working 
through mathematical problems, such as feedback, hints, or additional 
problem sets adaptively assigned to students by the system in response 
to specific errors students committed to fill their knowledge gaps (e.g., 
[9,26,42,46]). As such, ITS served as a promising software for times 
during school closures and the demand for such ITS enabling distance 
learning led to a surge in their usage starting in mid March 2020 [35,47, 
53]. 

While numerous studies have examined the impact of COVID-19 
related school closures on students’ performance in general (for a 
meta-analysis and review see: [4]), only a few studies investigated the 
effect of school closures on students’ performance within ITS in partic-
ular [35,48–50,53]. Most of the studies that utilized data from ITS 
compared different cohorts of students using an ITS either before or 
during school closures [35,49,53]. However, to the best of our knowl-
edge, studies about longitudinal performance trajectories following up 
the same students using these platforms from before to during and after 
periods of school closure to investigate the effect of school closures on 
performance outcomes as well as the persisting effects of school closures 
are missing. 

Therefore, we investigated the effects of school closures on longitu-
dinal performance trajectories following a cohort of German students 
who already studied mathematics using an ITS before school closures 
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and kept studying with this ITS during and after school closures. Our 
analysis particularly focused on potential selective effects on lower- vs. 
higher-performing students as previous research from large-scale panel 
studies indicated selective performance decreases for lower-performing 
students (e.g., [44]), while research that considered data from ITS 
suggested performance increases—especially for lower-performing stu-
dents (e.g., [50]). 

In the following, we will first briefly review the existing literature on 
the effects of school closures from large-scale panel studies. We will then 
review further research on large-scale panel studies on potential longi-
tudinal consequences of school closures, before we elaborate on research 
that utilized data from ITS to examine the effect of school closures on 
students’ performance within ITS. 

Panel studies on students’ performance changes during school closures 

A wealth of research has documented significant performance de-
creases across different countries resulting from school closures ([4, 
10–12,14,17–21,24,28]; Kuhfeld et al., 2022; [31,32,36,39,40,44,45, 
56,57]). Additionally, research stated that these performance decreases 
were particularly severe for mathematics ([4]; Kuhfeld et al., 2022; [44], 
2022) with devastating performance decreases observed particularly for 
lower-performing [16,44]. For instance, Grewenig and colleagues 
(2020) reported that during school closures, lower-performing students 
in Germany spent only half the time learning compared to 
higher-performing students. In another study, Schult et al. [44] evalu-
ated data from a German panel study (n ≈ 330,000; grade 5; age range 
10 to 11) and observed more pronounced performance decreases in 
mathematics for lower-performing students compared to 
higher-performing students. Similar results were also reported by Mal-
donado et al. [32] who reported more pronounced performance de-
creases in mathematics particularly for lower-performing students in a 
Flemish sample (n ≈ 10,000; grades 4 and 6; age range 10 to 12). 
However, it should also be noted that studies on data from Australia 
[15], Finnland [30], and Denmark observed [5] no performance de-
creases during COVID-19 related school closures which may be attrib-
uted to varying COVID-19 policies between countries. 

Panel studies on longitudinal performance changes due to school closures 

Although a large body of research considered the impact of school 
closures on students’ performance, thus far only a few studies thus far 
considered students’ performance trajectories over a longer time period 
from before the pandemic to after school closures. For instance, Kuhfeld 
and colleagues (2022) considered a US sample of close to 5 million 
students and found that students’ performance, in general, was still 
below pre-pandemic levels by spring 2021. Additionally, these authors 
found that students particularly struggled to learn mathematics since 
COVID-19 related school closures. Importantly, however, Kuhfeld et al. 
[29] compared different cohorts of students in a between-student design 
and contrasted the performance of two cohorts (pre- vs. post pandemic) 
with each other. 

In another study, Schult et al. [43] evaluated the performance of all 
incoming students of fifth grade in September for pre-pandemic years 
(2017–2019), for September 2020 to examine performance 6 months 
after the first school closures, and also for September 2021 to evaluate 
potential effects persisting after 18 months since first school closures in 
the following cohort. The authors reported selective influences on stu-
dents’ performance in mathematics. Six months after school closures, 
they observed performance decreases in students’ number knowledge 
(e.g., understanding, interpreting, and representing whole numbers) and 
basic arithmetic skills (e.g., applying and combining arithmetic pro-
cesses). However, 18 months after school closures, the performance of 
the following cohort of incoming fifth grade students in number 
knowledge recovered to pre-pandemic levels. In contrast, basic arith-
metic skills did not fully recover to pre-pandemic levels. Moreover, they 

found that the lowest 5 % (considering performance) of students showed 
severe performance decreases due to COVID-19 related school closures 
in September 2020 as well as in September 2021. 

In summary, the reviewed studies provide evidence suggesting per-
formance decreases due to COVID-19 related school closures and espe-
cially pronounced performance decreases for lower-performing 
students. While these studies considered data from large-scale panel 
studies, other research that utilized data from ITS seem to differ from 
those observed from in-person testing by indicating performance in-
creases (e.g., [35,49,50,53,55]). 

Performance changes within intelligent tutoring systems during the first 
period of school closures 

Another set of research investigated the effects of school closures on 
students’ performance outcomes within ITS [35,49,50,53,55]. While 
one study involving Swiss students (n ≈ 350,000; grades 3 to 9: age 
range: 8 to 16) observed mixed results [53] other studies found per-
formance increases instead of performance decreases during periods of 
school closures [35,49,50,55]. For instance, in a sample of Dutch stu-
dents (n ≈ 130,000; grades 7 to 10; age range: 12 to 16) who used an ITS 
for learning French, van der Velde (2021) found significantly more 
pronounced performance increases during the period of school closures 
as compared to before. Similarly, Meeter [35] conducted another study 
on Dutch students (n ≈ 100,000; grades 2 to 6: age range: 7 to 11) who 
studied mathematics within an ITS and also observed significant per-
formance increases during school closures as compared to before. 
Importantly, however, these studies also used a between-student design 
comparing different cohorts of students using ITS either before or during 
school closures. In another sample, considering a sample of German 
students (n ≈ 16,000; age range: 10 to 16), Spitzer et al. [49] evaluated 
data not only from the first period of school closures but also from the 
second period of school closures in Germany and observed performance 
increases in a cohort of students who worked on fraction, algebra, or 
percentages problems the first and second COVID-19 related school 
closures compared to another cohort of students who worked on these 
problems during the same months but in the previous three years before 
COVID-19 related school closures. However, these improvements were 
only observed for students who got problem sets assigned by their 
teachers and not if they selected problem sets on their own and if these 
problem sets were assigned in small chunks and not in larger bundles.1 

While these studies reported between-student analyses, Spitzer and 
Musslick [50] followed a sample of German students (n ≈ 2500; age 
range: 10 to 16) who studied mathematics with another ITS longitudi-
nally. In particular, they evaluated the performance of the same students 
(within-student design) during school closures in Germany compared to 
the same time period in the year before with no school closure. Results 
indicated significant performance increases during school closures as 
compared to the year before. Moreover, Spitzer and Musslick [50] 
observed that lower-performing students showed particular perfor-
mance increases within the ITS during school closures. 

Together, these results provide evidence suggesting that learning 
within ITS may have been beneficial, especially for lower-performing 
students who had been observed to struggle most during COVID-19 
related school closures in other panel studies. However, it is important 
to evaluate the performance trajectories of lower- and higher- 
performing students not only during school closures (as compared to 
before) but also after periods of school closures (as compared to before 

1 Note that several assignment possibilities exist within Bettermarks. Students 
may self-select problem sets (a problem set comprises nine single problems; see 
Methods), or students can get problem sets assigned by their teachers. Teachers 
can either assign single problem sets from books to their students (which we 
refer to as small chunks), or, alternatively, assign all problem sets of a book 
(which we refer to as larger bundles). 
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school closures) to better understand the long-term effects of school 
closures on students’ performance outcomes in ITS. In other words, it is 
unclear whether the performance increases observed within ITS during 
school closures persisted over the following months after the first and 
period of school closures when schools opened again. 

The present study 

The present study set off to investigate longitudinal performance 
trajectories of students who studied mathematics using an ITS, with a 
particular focus on differential effects for lower-performing and higher- 
performing students. We considered data (from n ≈ 2700 students; who 
worked on n ≈ 5 million mathematical problems) collected between 
January 2017 and May 2021 from the ITS Bettermarks (Bettermarks 
GmbH, Berlin, Germany). Importantly, we only considered students who 
had been using the ITS before COVID-19 related school closures and who 
continued using it throughout 2021 after school closures (i.e., we 
considered a within-student study design). As such, we were able to 
evaluate longitudinal performance changes within students across a 
time span of about 4.5 years. 

To investigate differences in performance trajectories between 
lower- and higher-performing students, we separated students according 
to their pre-pandemic performance in two groups (lower- vs. higher- 
performing students) and evaluated the performance trajectories of 
these students (i) during the period of first school closures (March-May 
2020) as compared to their performance in the previous three years 
during these months, (ii) between periods of school closures (June- 
December 2020) as compared to their performance in the previous three 
years during these months, (iii) during the second period of school 
closures (January-February 2021) compared to their performance in the 
previous four years during the same months, and in a follow-up analysis 
(March-May 2021) compared to their performance in the previous four 
years during the same months. 

This allowed us to evaluate the effects of COVID-19 related school 
closures during the first and second period of school closures, but also on 
the time period between these two school closures (June-December 
2020) and following school closures (March-May 2021) within the same 
students. For each time period comparison, we also evaluated differ-
ential effects for lower-and higher- performing students. 

Based on previous studies considering data from ITS [50], we ex-
pected performance increases during the first and second period of 
school closures as compared to the previous three years for both low-and 
higher-performing students but that lower-performing students in 
particular would increase their performance. We had no specific hy-
potheses on the persistence of these positive effects after schools opened 
again after the first and second periods of school closures. 

Methods 

The intelligent tutoring system 

Overview 
The study considered data obtained from the ITS Bettermarks for 

learning mathematics which is used in schools across Germany since 
2008 (e.g., [46,51]). Bettermarks is used in different types of schools, 
including and vocational track schools, in all regions of Germany, 
making the students who use the software representative of the popu-
lation of students in Germany. It covers the mathematics curriculum for 
grades 4 to 12, spanning an age range from 9 to 18 years, and includes 
over 100 book topics that encompass a range of mathematical themes, 
such as basic and advanced arithmetic, decimals, fractions, algebra, 
geometry, probability, and statistics. Each book topic provides an 
overview of the mathematical concept and contains several problem 
sets, with an average of nine individual problems per set. Students work 
on these problem sets to learn mathematics. 

Usage and adaptive features 
The ITS can be used in the classroom or at home, with teachers 

assigning problem sets to students to complete in class or at home. 
Additionally, students can also self-select problem sets for independent 
practice and receive feedback on their accuracy. Teachers can assign 
single problem sets or whole books which reflect a topic (e.g., “Addition 
and subtraction of fractions”) and include all problem sets of the book. 
As such, teachers can assign small chunks of mathematical problems or 
larger bundles of problems. 

One specific feature of the ITS is that the system is capable of iden-
tifying knowledge gaps when students work on specific problems and 
provides students with additional learning material (other problem sets) 
suited to fill the knowledge gaps. Another feature of the ITS is that 
students may ask for hints when working on a problem and the ITS 
provides hints for students. Additionally, students are able to repeat 
problem sets, however, the parameterization of problem sets changes 
with each new attempt. Thus, students who try to memorize the results 
of previous attempts to game the system by inserting the memorized 
result on a new attempt get feedback that their memorized answer on 
the new attempt is incorrect. Finally, the ITS provides feedback to stu-
dents and if the problem sets students worked on were assigned by their 
teachers, feedback on the accuracy of problem sets is also provided to 
teachers. Moreover, students receive feedback on the problems they 
work on. For some problems, the feedback is specific to the errors stu-
dents made. For example, when students add the following two fractions 
“1/2 + 2/5″, and they falsely add numerator and denominator sepa-
rately and thus inserts “3/7″ as the answer, the ITS will provide the 
following feedback to the student: “Don’t add the numerators and the 
denominators. Find the lowest common denominator.”. 

The above-described adaptive features of the ITS Bettermarks are 
commonly implemented in other ITSs as well (e.g., [1,22,23,27,35]). For 
instance, the ITS Mathia (© 2023 Carnegie Learning, Inc.), also provides 
students with adaptive feedback when solutions are incorrect. Addi-
tionally, students may also request hints, and content specific feedback 
on well-known misconceptions for learning mathematics. However, 
Bettermarks differs from Mathia as it does not incorporate so called 
knowledge components implemented in some of their problems. Instead, 
knowledge gaps are triggered within Bettermarks (see above). Never-
theless, the implementation of both—knowledge components and 
knowledge gaps—serve to aid students’ learning progress enabling them 
to master their learning goals. 

Finally, the collected data includes students’ accuracy rates on 
problem sets, problem IDs, and the date and time of working on them. 
The data is fully anonymized, and therefore demographic information is 
not available. Moreover, the analysis was a secondary data analysis from 
data which is continuously stored by Bettermarks with data available 
upon request from the first author. As this was a secondary retrospective 
data analysis no ethics approval was needed. However, all users agreed 
that their data will be stored and analyzed. However, it is not possible to 
trace back any of our data to individuals. 

Inclusion criteria 
We considered the following inclusion criteria. First, we included 

data on problem sets that were worked on by students between January 
1st, 2017 and May 31st, 2021. Second, we only considered students who 
worked through 5 or more problem sets during each of the following 
periods before, during, and after COVID-19 related school closures. 
These periods were: (i) first school closures: March – May,2 2020 
compared to 2017–2019; (ii) between school closures: June-December 
2020 compared to 2017–2019; (iii) second school closures: January – 
February 2021 compared to 2017–2020; (iv) following school closures: 
March – May 2021 compared to 2017–2019. As we only considered 

2 The specific time period was March 16th -May 31st that we used here. Only 
data within this period was considered for data analysis. 
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students who already used the ITS before COVID-19 related school 
closures in each of the periods and continued to use the ITS during as 
well as after COVID-19 related school closures, we were able to evaluate 
students’ longitudinal performance trajectories. Third, we only consid-
ered problem sets students got assigned by their teachers and if they got 
single problem sets assigned as this usage type is mostly used within 
Bettermarks. With these inclusion criteria applied, the dataset included 
2708 students who computed 636,060 problem sets which sum up to 
more than 5 million mathematical problems. 

Learning measures 
The learning of students can be measured by their average accuracy 

rates which we refer to as absolute accuracy rates.3 However, absolute 
accuracy rates depend on the difficulty of problems sets students worked 
on which needs to be considered. We accounted for problem set diffi-
culty by computing the average accuracy rate for each problem set for all 
students who worked with Bettermarks during a reference period from 
January 2017 until the end of February 2020 (for a similar approach 
consider [50]). Low average accuracy rates during this period indicated 
that problem sets were comparably difficult while high average accu-
racy rates indicated that problem sets were relatively easy. These two 
measures—absolute accuracy rate and average accuracy rate of problem 
sets—were then related to each other by subtracting the average accu-
racy of a problem sets by students’ accuracy from the same problem 
providing the relative accuracy rate of problem sets. 

As an example, consider a student who got an accuracy rate of 90 % 
on a given problem set and the overall average accuracy rate of this 
problem set was 80 % (i.e., the average accuracy rate across all students 
who worked on this problem set). 90 % - 80 % then leads to a relative 
accuracy rate of 10 %, reflecting that the student performed 10 per-
centage points better than the average of students on this particular 
problem set during the reference period. As such, positive relative ac-
curacy rates reflect that a student performed better than average 
whereas negative relative accuracy rates indicate that a student per-
formed worse than average on a given problem set. This allowed us to 
interpret relative accuracy rates similarly to absolute accuracy rates 
with high values in both measures indicating better performance.4 

Finally, we also report the average accuracy for the entire time period 
(January 1st, 2017 and May 31st, 2021) and illustrated the average 
accuracy in Fig. 1. 

Data analysis 

The R software was used for data analysis (R [41]). Students with a 
relative accuracy rate below 0 during the period before school closures 
(January 2017 to February 2020) were assigned to the lower-performing 
group, while students with a relative accuracy rate of 0 and higher 
during the period before school closures (January 2017 to February 
2020) were assigned to the higher-performing group. 

We simplified the quantitative analysis by running separate linear 
regression models for each time period of interest as well as separate 
regression models for low- and higher-performing students. In partic-
ular, we quantified differences in relative accuracy rates for the 
following time periods: (i) first school closures (March – May 2020) 
compared to the same months in 2017–2019; (ii) between school clo-
sures (June – December 2020) compared to the same months in 
2017–2019; (iii); second school closures (January – February 2021) 
compared to the same months in 2017–2020; (iv) following school 

closures (March – May 2021) compared to the same months in 
2017–2019. 

For each of these periods, we conducted a hierarchical linear 
regression analysis with students’ relative accuracy as the dependent 
variable and a binary time variable (before school closures vs. during/ 
after school closures) and a binary group variable (lower-performing vs 
higher-performing) as the independent variables. Importantly, we 
included both independent variables as main effects but also the inter-
action in the hierarchical linear regression model. Both binary variables 
(time and group) were contrast coded with − 1 and +1 for a full factorial 
design matrix. We also fitted a random intercept for students to account 
for variability between students. 

Results 

Absolute accuracy rate, relative accuracy rate, and average difficulty 
separated for the two learning groups and for each month for years 2020 
and 2021, and the average for 2017 to 2019 (2017 to 2020 for January 
and February) as the period before school closures are depicted in Fig. 1. 
We report the estimated means from the regression models of relative 
accuracy rates for each time period below, while we also list the un-
standardized ß estimates and t-values of the hierarchical linear regres-
sion model comparing students’ relative accuracy rates in the time 
periods of interest in Table 1. 

First school closures: March 16th – may 31st, 2020 

Considering performance differences during first school closures in 
2020 as compared to 2017–2019, our regression revealed a significant 
main effect for time (beta =0.02; t = 25.59; p < .001), suggesting an 
overall increase in relative accuracies during the first period of school 
closures as compared to before. The significant main effect for group 
(beta =0.08; t = 46.33; p < .001) suggested that higher-performing 
students performed significantly better than lower-performing stu-
dents. Interestingly, the interaction between time and group was sig-
nificant (beta < − 0.01; t = − 4.17; p < .001) indicating that the 
performance increase in lower-performing students was relatively 
stronger than the performance increase of higher-performing students. 

Between school closures: June 1st – December 31st, 2020 

We observed a similar pattern of results for the time between the two 
periods of school closures. Regression result revealed a main effect for 
time (beta =0.01; t = 8.08; p < .001), suggesting an overall increase in 
relative accuracies for the time between the two periods of school clo-
sures as compared to the same time window before the pandemic. As in 
the previous analysis, there also was a significant main effect of group 
(beta =0.08; t = 49.85; p < .001) suggesting that higher-performing 
students performed significantly better than lower-performing stu-
dents. Finally, the interaction between time and group also was signif-
icant (beta <− 0.01; t = − 2.29; p < .001) indicating that the 
performance of lower-performing students increased relatively more 
strongly than the performance of higher-performing students. 

Second school closures: January 1st – February 28th, 2021 

Our third regression model pointed to results similar to the previous 
two regression models, with significant main effects of time (beta =0.01; 
t = 15.36; p < .001) and group (beta =0.08; t = 43.68; p < .001). These 
suggested performance improvements during the second period of 
school closures as compared to the same two months in the previous four 
years and that higher-performing students significantly outperformed 
lower-performing students. Again, we also observed the interaction 
between time and group to be significant (beta <− 0.01; t = − 2.29; p <
.001) suggesting that the increase in performance was more pronounced 
for lower-performing as compared to higher-performing students. 

3 We considered the best result of students for each problem set in case stu-
dents repeated problem sets.  

4 We illustrate students’ relative accuracy, students’ absolute accuracy, and 
the average accuracy of problem sets. However, we considered to reduce the 
complexity of the already comprehensive analysis by only quantifying differ-
ences between students’ relative accuracy rates. 
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Fig 1. Results for higher- (charts A, C, & E) and lower-performing students (charts B, D, & F). The average results from the years before COVID-19 related 
school closures are depicted by grey points connected with grey dashed lines. Grey shaded areas indicate the minimum and maximum average result for these years. 
Periods of school closures are marked in the respective color bars: green bar = period of first school closure (March16th – May 31st, 2020); blue bar = period of 
second school closure (January 1st – February 28th, 2021). Results from the period of first school closures until the end of the year 2020 are reflected by green points 
and connecting lines. Results from the second period of school closures until the end of May 2021 are depicted by blue points and connecting lines. Each point results 
from aggregating the data for each participant for each month and year and then again for each month and each year. A: Absolute accuracy rates of higher- 
performing students. B: Absolute accuracy rates of lower-performing students. C: Relative accuracy rate of higher- performing students. D: Relative accuracy rate 
of lower- performing students. E: Average accuracy of problem sets of higher-performing students. F: Average accuracy of problem sets of lower- performing students. 
Note that we included all data from before first school closures in the Year 2017–2019 group and thus data from January and February 2020 is included in the grey 
dots and shades. 
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Following school closures: March 1st – May 31st, 2021 

Our fourth and final regression model again replicated the results of 
the previous regression models indicating a significant main effect of 
time (beta =0.01; t = 12.19; p < .001) and group (beta =0.08; t = 44.11; 
p < .001). These suggested performance improvements between March 
and May 2021 compared to the March to May period in years 2017 to 
2019 as well as that higher-performing students performed significantly 
better than lower-performing students. We also observed a significant 
interaction of time and group (beta <− 0.01; t = − 4.41; p < .001) sug-
gesting that the performance of lower-performing students increased 
relatively more than that of higher-performing students. 

Discussion 

In this study, we investigated longitudinal performance trajectories 
of students who learned mathematics within an ITS between January 
2017 and May 2021, using a within-student study design. We were 
particularly interested in how the two periods of COVID-19 related 
school closures (March-May 2020 and January-February 2021 in Ger-
many) affected the performance of lower- and higher-performing stu-
dents. In addition, we were interested in students’ performance changes 
i) in the time between these two periods of school closures as well as ii) 
in performance changes after the periods of school closures as compared 
to the same times in the years before the pandemic. 

We observed that the performance of both lower- and higher- 
performing students increased during the first period of school clo-
sures (see Fig. 1). Interestingly, however, the observed increase was 
more pronounced for lower-performing students. These results are in 
line with previous studies also considering data from ITS indicating 
performance increases during the first period of school closures [35, 
48–50]. 

Nevertheless, our results also go beyond those of earlier studies as we 
followed the performance trajectories of the same students (both higher- 
and lower-performing students) after the first period of school closures 
to evaluate whether the effects observed for this period of school clo-
sures lasted. For the time between school closures (i.e., June-December 
2020) our results suggested that students’ performance remained on an 
increased level compared to previous years during these months. Again, 
the respective performance increases in comparison to the years before 
the pandemic were more pronounced for lower- as compared to higher- 
performing students. To the best of our knowledge, this study is the first 
to provide longitudinal evidence on students’ performance trajectories 
suggesting that students’ performance in mathematics not only 
increased during this period of school closures but also that this effect 
seemed to persist over months when schools opened again. Moreover, 
our results suggest that the effect of more pronounced performance in-
creases for lower-performing students also remained stable during the 
time when schools opened again after the first period of school closures 
in 2020. 

Then schools were closed for a second time in 2021. Again, our 
analysis suggested that the performance of both groups significantly 

increased during the second period of school closures (January and 
February 2021) as compared to the same period in previous years 
(2017–2020). However, similar to our results for the first period of 
school closures and the time between these two periods of school clo-
sures, the performance of lower-performing students increased more 
strongly compared to that of higher-performing students. And similar to 
the year 2020, when schools were opened again in 2021, this pattern of 
results remained the same with overall significant performance in-
creases for both groups of students compared to the same time periods in 
previous years before school closures but more pronounced performance 
increases for lower-performing students compared to higher-performing 
students. 

Together, these results basically replicated the pattern found for the 
succession of the first period of school closures and school re-openings in 
2020 reflecting that the performance increase observed during the sec-
ond period of school closures persisted into the time when schools were 
opened again in 2021 and was again more pronounced for lower- 
performing students. As such, our results suggest significant perfor-
mance increases during, between, and after both periods of COVID-19 
related school closures for lower- and higher-performing stu-
dents—but also indicate that the performance of lower-performing 
students increased more strongly during, between, and after school 
closures. Our results thus provide evidence that the gap between lower- 
and higher-performing students decreased during, between, and after 
periods of school closures, which seems at odds with results reported 
based on data collected in the classroom and not within an ITS (e.g., 
[43]). 

Understanding the effect of the COVID-19 pandemic on students’ 
academic achievements in general is crucial for several reasons. First, 
following students’ longitudinal performance trajectories is important 
as academic achievements are closely tied to future career, but also life 
prospects more generally [34,37,38]. Thus, assessing the pandemics’ 
impact on students’ learning process may help educators, policymakers, 
and parents to make informed decisions to minimize long-term conse-
quences and provide the necessary support for students to catch up (e.g., 
via additional tutoring; see [14]). However, it is important to note that 
in contrast to other studies (e.g., [43]), we observed that students’ 
performance improved—rather than decreased—during and after school 
closures. This, in turn, indicates that students who had access to remote 
learning infrastructures during times of crises were at least not nega-
tively affected by the COVID-19 pandemic, as most studies from 
in-person assessments observed (for a meta-analysis see: [4]). Thus, our 
results suggest that students with access to ITSs may be better prepared 
for future situations that prohibit students to learn in schools and 
necessitate distance learning. This does not necessarily need to be situ-
ations as severe as another pandemic but may well include periods of 
absence from in-person teaching (e.g., when teachers are on sick leave), 
in which students would also benefit from digital learning opportunities. 
Thus, our results suggest policy makers and education administration to 
ensure that students are equipped with and prepared for the use of such 
digital learning software so that their education is not disrupted in the 
face of future challenges. In sum, it is essential to ensure that all students 

Table 1 
Regression Results on Relative Accuracy Rate (estimates, t-values; and p-values indicated with asterix) of each Hierarchical Linear Regression Model.   

1. School Closures Between School Closures 2. School Closures After School Closures 
Coeffcient b SE t-Value b SE t-Value b SE t-Value b SE t-Value 

(Intercept) <− 0.01 <0.01 − 0.58 − 0.01 *** <0.01 − 8.30 − 0.01 * <0.01 − 2.20 − 0.01 *** <0.01 − 4.74 
Time 0.02 *** <0.01 25.59 <0.01 *** <0.01 8.08 0.01 *** <0.01 15.36 0.01 *** <0.01 12.19 
Group 0.08 *** <0.01 46.33 0.08 *** <0.01 49.85 0.08 *** <0.01 43.68 0.08 *** <0.01 44.11 
Time × Group <− 0.01 *** <0.01 − 4.17 <− 0.01 * <0.01 − 2.29 <− 0.01 ** <0.01 − 3.21 <− 0.01 *** <0.01 − 4.41 
NStudents 2708 2708 2708 2708 
NComputed Problem Sets 164,986 291,725 133,639 125,193  

* p<.05. 
** p<.01. 
*** p<.001. 
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have the opportunity to reach their full academic potential, regardless of 
the challenges posed by external constraints. Our findings suggest that 
students who have the opportunity to (also) learn with digital learning 
software, such as ITSs, seem less affected and may even learn better 
within ITSs during situations of distance learning. 

Future works 

While this study aimed to investigate students’ performance trajec-
tories longitudinally, an interesting future avenue may be to identify 
specific mechanisms on why lower-performing students increased their 
performance more strongly when learning from a distance at home 
compared to higher-performing students. One potential explanation for 
the overall increased performance during school closures is that teachers 
may have incentivized students’ use of and learning within the ITS 
differently during periods of school closures as compared to before and 
after. For instance, teachers may have told their students that their 
performance within the ITS counts towards their grades during school 
closures. However, this explanation does not account for the differential 
effect for lower- vs. higher-performing students during, between, and 
after school closures as well as the persisting effect of performance in-
creases between and after school closures. 

Another aspect which might explain our differential effects for 
lower- vs. higher-performing students is that the former experienced less 
math anxiety when studying mathematics at home, compared to being at 
school [2,3,6–8,33,52]. As math anxiety is known to impair cognitive 
processes involved in studying mathematics (e.g., working memory), it 
might be that these cognitive processes are less impaired when studying 
at home in absence of teachers—particularly for lower-performing stu-
dents. Against this background, an interesting future avenue may be to 
have a closer look at whether math anxiety is indeed reduced in 
lower-performing students when learning mathematics from home. 

Another interesting future research avenue may closer inspect 
whether differential effects can be observed for students’ learning 
progress depending on whether they study in the classroom while their 
teachers are present who may provide students with additional help 
beyond the learning aid provided by the ITS, or at home, when teachers 
cannot help students’ during their learning progress. 

Limitations 

It is important to take into account certain limitations of our study. 
First, our study only considered the effect of COVID-19 related school 
closures on students’ performance within an ITS and these students 
worked with this ITS before, during and after school closures. We 
observed that students’ performance improved during and after school 
closures as compared to before while other studies from in-person as-
sessments reported performance decreases after school closures. 
Importantly, we did not compare our sample of students with other 
students who did not use an ITS before, during, and after COVID-19 
related school closures. Contrasting the effects of students who study 
with an ITS against students who do not study with an ITS during the 
COVID-19 related school closures would have been ideal for under-
standing the specific effect of having access to ITSs during times of crisis. 
However, this data was not available which limits our study in this 
respect. Future work may consider assessing the general effect of ITSs on 
students’ performance against another cohort of students without access 
to ITSs with a randomized control trial study. 

Another limitation of our study is that we restricted our analysis to a 
relatively broad age range of students (9 to 18 years) as students within 
this range use Bettermarks. Thus, our hypotheses only considered 
average trends of students within this age range. An interesting future 
research avenue may address whether our observed results are similar 
for different age groups. 

Finally, our result that lower-performing students improved more 
than higher-performing students may be due to a potential ceiling effect. 

That is, higher-performing students potentially already performed at 
their maximum level before school closures leaving little room for 
improvement. In contrast, lower-performing students had much more 
room to improve which could explain our findings. 

Conclusion 

Altogether, our study provides evidence from a rich longitudinal 
dataset on longitudinal performance trajectories within the same stu-
dents indicating that lower-performing students particularly benefited 
from engaging with an ITS for mathematics during, between, and after 
school closures. We hope that our study may serve as a foundation for 
relevant future research on how to aid learning mathematics in general 
and during times of crisis—especially in those who fall behind. 
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