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Abstract. A major challenge in education is how to improve teaching. This
means improving teaching so that all students eﬀectively achieve the levels of
performance stipulated in the curriculum and that they do so within the speciﬁed
timeframes. This goal is particularly diﬃcult to achieve in schools with students
of low socioeconomic status. However, measuring the quality of instruction is
not a straightforward task. This is partly due to a lack of rigorous and regular data
on student performance gathered by independent third parties. On the other hand,
there are several alternatives for improving teaching: teacher training, teacher
mentoring programs and support systems to boost teacher performance. Our study
looks at eight years of data on national standardized test scores for every school
in a low SES district. We found that the eﬀect size of a Performance Support
System is larger than the benchmark eﬀect sizes for teacher training and teacher
mentoring programs.
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1

Introduction

A major challenge in education is how to improve teaching. This challenge has two
critical components. Firstly, it is not easy to measure the quality of teaching. Take for
example quality assessments by principals and peers. In 2009 [1] found that, in most
U.S. districts, less than 1% of teachers were rated as unsatisfactory. In other words, on
paper, practically every teacher is satisfactory. However, 81% of administrators and 57%
of teachers could identify a teacher in their school who they considered to be ineﬀective.
The authors named this paradox as the Widget Eﬀect. They describe this failure as the
tendency of school districts to assume that classroom eﬀectiveness is the same from
teacher to teacher. This failure may be caused by inadequate evaluation systems. A
reform in evaluation procedures could therefore help solve this problem. However, in a
2017 study, [2] analyzed teacher performance ratings across 24 U.S. states in which
major reforms had been made to the teacher evaluation system. They also found that, in
the vast majority of these states, the number of teachers rated as unsatisfactory was still
less than 1%.
One signiﬁcant alternative is to measure teacher knowledge and teaching practices.
However, the focus should actually be on measuring student learning. In this sense,
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rigorously measuring student gains is a diﬃcult and very expensive process. For
example, according to [3] the 1966 Coleman Report, often described as “the largest and
most important educational study ever conducted”, cost approximately USD $1.5
million. To put this into perspective, the equivalent cost in 2016 would be USD $11
million. Furthermore, there are several factors at play when it comes to calculating the
eﬀect. This includes factors such as the type of assessment, the timing, critical contextual
information, and the independence of the evaluation team from the program coordina‐
tors. For example, according to [4] there is a signiﬁcant diﬀerence in the average eﬀect
sizes that are found for diﬀerent kinds of measurements using achievement tests. In this
sense, there are three types of measurements: (i) standardized tests on a broad subject
matter, (ii) standardized tests that focus on a more speciﬁc topic, and (iii) specialized
tests developed speciﬁcally for an intervention (typically developed by the researchers).
Larger eﬀect sizes have been found with specialized researcher-developed tests (median
0.34 and standard deviation 0.55 for elementary school), which are presumably more
closely aligned with the intervention that is being evaluated. The eﬀect size of inter‐
ventions measured with standardized tests focusing on a speciﬁc topic tend to be smaller
(median 0.17 and standard deviation 0.42 for elementary school). Finally, the eﬀect size
of interventions measured using more general standardized tests are much smaller
(median 0.07, standard deviation 0.27 for elementary school). In this paper, we use
results from a national standardized test in mathematics (SIMCE). This is a broad test
that is designed to cover the contents of the national curriculum for mathematics.
Secondly, there are several strategies for improving teaching. The most common
strategy is teacher training. However, measuring the impact of teacher training on the
quality of education is not a straightforward task. Several studies show that teacher
training can lead to signiﬁcant changes in terms of teaching practice. Despite this, teacher
training has not been shown to have any impact on student performance. For example,
a recent study of a year-long teacher training program for math teachers revealed signif‐
icant improvements in the teachers’ content knowledge, as well as changes in their
teaching practices [5]. However, the study also found that there was a negative eﬀect on
student performance on state-level assessments. In a 2010 study by the same authors [6],
no improvement was found in student performance, despite there being a change in
teaching practices. In this case, the authors analyzed an intervention at 77 moderately
high and highly vulnerable schools from 12 districts. Each teacher received 68 h of
training over a number of sessions throughout the year. The training focused on teaching
fractions and involved three diﬀerent teaching strategies: having students comment on
the results or procedures of others, having students use representations, and having them
justify their results. Furthermore, each teacher was accompanied in the classroom for a
total of 10 days following the initial 5-day training session. These follow-up sessions
lasted for two days and were spread out across the year. The results of the study revealed
that the teachers did not improve their knowledge of fractions, did not use representa‐
tions more frequently and did not request more justiﬁcation from their students. In fact,
the teachers only slightly improved in terms of having students comment of their peers’
results. However, this change did not improve the students’ performance in fractions.
This is despite the fact that the teachers in the control group only received 12 h of training
in mathematics for the year, and not speciﬁcally in fractions. Another large meta-study
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of randomized controlled trials of teacher training programs [7], revealed that structured
professional development programs (highly prescriptive programs with follow-up and
support) have an average eﬀect of 0.05 standard deviations on student gains. A recent
summary of research by the U.S. Institute of Education [8] analyzed 910 studies on the
eﬀectiveness of diﬀerent approached to professional development in math teaching. This
comprehensive literature review concluded that “until more causal evidence becomes
available, schools and districts must supplement the limited evidence of eﬀectiveness
with their best judgment. Schools and districts should be encouraged to rigorously eval‐
uate professional development approaches themselves and, when possible, to report the
ﬁndings publicly to build up the knowledge base on the topic”.
Are there any other strategies that might have a more signiﬁcant eﬀect on improving
the quality of teaching? One such strategy is mentoring programs, also called the “Third
Way” [9]. This involves experienced full-time teachers, who are carefully-selected and
trained to be mentors, giving support to newly-qualiﬁed teachers during their ﬁrst one
or two years of teaching. For example, (Schmidt et al. 2017) showed that after one mentor
worked with 15 newly-qualiﬁed teachers for two years, the program obtained an average
eﬀect of 0.15 standard deviations in terms of student gains. This is a very large eﬀect
size when compared to the eﬀects of teacher training. However, this eﬀect was obtained
with newly-qualiﬁed teachers, who are mostly likely to improve the most. On the other
hand, other studies report no eﬀect for mentoring programs, or even negative eﬀects.
This was the case with the Urban Teacher Residencies (UTRs) program in Boston [9].
This program covers a large number of newly-qualiﬁed teachers that are hired in the
Boston area. Since 2008–2009, UTR accounts for about one third of all newly-qualiﬁed
teachers in the district.
So, how about strategies for improving teaching among experienced teachers? One
possible strategy is the use of Performance Support Systems. This kind of system
supports teachers on the job and in real time. In this paper, we analyze the impact of
ConectaIdeas, a cloud-based system that helps the teacher to teach more active learning
classes. The system allows the teacher to pose closed and open-ended questions, teach
using games, connect with other classes in real time, hold online, synchronous tourna‐
ments with several other schools, and share their experiences with other teachers. We
report on 6 years of data from the system, which was implemented in every fourth-grade
mathematics class at all 11 public schools in a low SES district of Santiago, Chile.

2

Methods

We study performance in mathematics at 11 schools in Lo Prado, a low socio-economic
status (SES) district of Santiago, Chile. These 11 schools are all the public elementary
schools that are run by the local district. One of the schools is classiﬁed as low SES by
the Ministry of Education. This segment includes the lowest SES schools in the country
and accounts for approximately 7% of schools in Chile. All of the schools in this segment
are considered at-risk. The rest of the 11 schools are classiﬁed as medium-low SES. This
segment accounts for another 20% of schools in the country. We analyze the fourthgrade students’ performance on the National Standardized Math Test (SIMCE math test)
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between 2009 and 2016. This information covers eight years of standardized measure‐
ments at each school.
Furthermore, teachers on Treatment classes have been using ConectaIdeas, a
Performance Support System since 2011 [10, 11]. This is a web-based platform where
the teacher selects from a list of exercises or can ask the students open-ended questions.
The teacher can review the answers online and ask students to do peer review. The
teachers normally access the system through a tablet or smartphone in order to monitor
the class. The system also helps the teacher to analyze answers to multiple-choice and
open-ended questions. Furthermore, the system also preselects students that can act as
monitors and help the teacher provide support to the other students. Using the system,
the teacher assigns monitors to help their peers. They then receive feedback from the
monitor, as well as from the student who received the support. ConectaIdeas also
provides a math game, where the teacher selects the area of the curriculum to be used
as the focus of the game. Students can play the game alone, or compete against a class‐
mate. There is also the option to host inter-class or inter-school tournaments [12].
Some of the schools in this study had two fourth-grade classes, while others only
had one. Over the years, some of the schools also went from having two fourth-grade
classes to having just one. This means that the data comes from a total of 122 classes.
Of these classes, 80 of them were under treatment, 16 in 2011, 16 in 2012, 11 in 2013,
11 in 2014, 13 in 2015, and 13 in 2016. The remaining 42 classes had gaps at diﬀerent
stages during this period. Of these 42 classes, 32 of them did not work with the system
during 2009 and 2010. Furthermore, ﬁve of these classes also failed to use the system
in 2013, while ﬁve of them did not use it in 2014. These 10 classes belong to three
schools that decided not to continue with the program during those years. However, all
of the schools decided to return to the program in 2015. Previous analyses [13, 14] had
considered only one or three years of experience with the Performance Support System.
In this study, we review the impact after six years of using the system.
The government only publishes school-level data and does not release data on indi‐
vidual students’ performance. We are therefore not able to perform a multilevel analysis.
Furthermore, we cannot use the diﬀerence in diﬀerence methodology [15], since we only
have one measurement per class. This measurement is done at the end of the school year.
There is no pretest for each class. However, the number of classes is enough to estimate
eﬀects by comparing treated classes with untreated classes. In addition to this, the classes
take the test in diﬀerent years, with the average score on the national standardized test
changing from year to year. We are therefore able to correct the estimate based on these
yearly changes. In any case, the diﬀerences in the average are minimal, while there is
practically no diﬀerence in the standard deviation of students’ scores.
This study is not a Randomized Controlled Trial (RCT) as all of the schools in the
district underwent treatment in 2011. Furthermore, the district was also not randomly
selected. However, three schools left the program in 2013 and 2014. This is very inter‐
esting for the purposes of our assessment as it helps us to measure the impact of the
treatment. However, the three schools were also not selected at random; their principals
decided to leave the program. Nevertheless, they decided to return to the program in
2015 following two years of poor results. This provides another fantastic opportunity to
measure the eﬀect.
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Results

The average scores on the fourth-grade SIMCE math test are shown for each school
between 2009 and 2016 (Fig. 1). The government only publishes the average score for
each school. Since some schools have two fourth-grade classes and others only have
one, we calculate the average performance by weighting according to the number of
classes in each school. The schools’ overall average is shown as a bold line. We can see
a signiﬁcant jump in the average score between 2010 and 2011. This improved score is
then maintained from 2011 onwards, despite a slight dip in 2013. In any case, the average
in 2013 is still higher than in 2009 and 2010.

Fig. 1. Scores on the fourth-grade SIMCE math test between 2009 and 2016 for the 11 schools
in Lo Prado. The overall average for all of the schools, weighted according to the number of classes
in each school, is shown as a bold line. As the scores for each class are not publicly-available, we
plot the overall scores for each school.

All of the schools began using the ConectaIdeas Performance Support System during
the second semester of 2010. However, due to issues with their internet connection,
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several schools were not able to connect and use the system. The System therefore started
to be used properly in 2011. Given this, we consider that treatment started in 2011. The
weighted average score on the SIMCE math test for the treatment schools is shown as
a continuous bold line in Fig. 2. The average of the schools with no treatment is displayed
as a dotted bold line (Fig. 2).

Fig. 2. Scores on the fourth-grade SIMCE math test between 2009 and 2016 for the 11 schools
in Lo Prado. The weighted average score for the treatment schools is shown as a continuous bold
line. The weighted average score for the schools without treatment is shown as a dotted bold lined.

Figure 2 reveals a signiﬁcant improvement in the schools’ performance in 2011 (i.e.
the weighted average of all the schools). In this sense, there is a 20.6-point jump, which
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represents 41.2 standard deviations of the students’ scores on the SIMCE math test. This
improvement in performance is probably the eﬀect of the treatment. The average
increase in the national average for that year was only 5.9 points, while for low-medium
SES schools it was 8.44 points. In 2013 and 2014, three of the schools (School 1, School
4 and School 8, all depicted using dotted lines) were not included in the treatment
program as their principals decided to leave the program. The weighted average of these
three schools was less than the weighted average of the rest of the schools during 2013
and 2014. However, there was also a drop in the treatment schools’ scores in 2013. The
gap between the treatment and non-treatment schools was 5 points in 2013, which
corresponds to 0.10 standard deviations. The overall drop was probably due to the test
being more diﬃcult, since the whole country dropped 5 points that year. This was also
the case for low-medium SES schools. However, the drop-in score by students at the
non-treatment schools may have been reduced by the fact that those students used the
system the previous year as third graders. This is because the treatment was for both
third and fourth graders. However, the scores for non-treatment students continued to
drop in 2014. A probable cause of this is that these students did not use the system in
2013 and were therefore without the treatment for two consecutive years. Meanwhile,
the treatment students recovered and improved their scores. Subsequently, the gap in
2014 increased to 30.1 points. This gap corresponds to 60.2 standard deviations.
Another possible explanation for the drop in the scores at these three schools in 2013
and 2014 could be the schools’ management and leadership. However, as it involves
three schools, the probability of mismanagement for two years at all three is quite low.
Nevertheless, it may well be the case that the ineﬀectiveness of the principals in question
led them to leave the program. However, the data on sixth-grade SIMCE Math scores
for 2013 and 2014 also reveals that these three schools had reasonable good results,
unlike the fourth-grade SIMCE Math scores The results on sixth grade of these schools
were even better than their results in 2015 and 2016. Thus, the bad performance of the
fourth graders on those schools in 2013 and 2014 was probably not due to management.
The sixth-grade SIMCE tests only began in 2013 and therefore no data is available for
previous years.
The average SIMCE math score for the 80 treatment classes was 242.8, whereas for
the 42 non-treatment classes it was 222.2. Furthermore, the standard deviation among
students in the country is 50, and in Lo Prado is 50 too. Over the years, there have been
some minor variations in the national average score on the SIMCE test, as well as the
average score for low SES schools. However, the national average between 2009 and
2016 has not changed by any more than 4 points, while the average for low-medium
SES schools has not changed by any more than 10 points. When correcting for these
yearly variations, the diﬀerence between the treatment and no treatment classes is 14.8
points. This diﬀerence corresponds to an eﬀect size of 0.30 standard deviations.
It is interesting to observe that the average score on the SIMCE math tests for the 32
classes that did not use the system in 2009 and 2010 was 222.5. This is practically the
same as the average for the 10 classes that did not use the system in 2013 and 2014
(220.9). In that sense, the classes that did not use the system in those years did not
improve on their historic performance on the SIMCE math test.
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Conclusions

In educational practice, it is not always possible or aﬀordable to design experimental
studies, such as randomized controlled trials. However, sometimes, new treatments are
introduced to a large population. Then, it makes statistical sense to capitalize on the
historical data that is generated whenever possible. According to [3] “Once a set of
teachers or students are chosen for an intervention, the state databases could be used to
match them with a group of students and teachers who have similar prior achievement
and demographic characteristics and do not receive the intervention. By monitoring the
subsequent achievement of the two groups, states and districts could gauge program
impacts more quickly and at lower cost. The most promising interventions could later
be conﬁrmed with randomized ﬁeld trials” p. 8.
In this paper, we have analyzed the data generated by a practical implementation of
a program that introduces a Performance Support System. All schools in a low SES
district received a new treatment in 2011. Furthermore, two additional events are very
useful for estimating the eﬀect of the treatment. Firstly, three schools (i.e. 10 classes)
left the program for two years between 2013 and 2014. Secondly, these schools subse‐
quently returned to the program in 2015 and 2016.
By comparing the performance of the treatment schools with the non-treatment
schools over the years we are able to estimate an eﬀect size. Under these special circum‐
stances, we can estimate an eﬀect size of 14.8 points on the National Standardized Math
Test (SIMCE math test). This eﬀect corresponds to 0.30 standard deviations.
How big is that eﬀect? Rigorous studies [16] using randomized controlled trials and
measuring gains in student performance reveal that the upper quartile of teachers in
terms of added value (i.e. student gains on standardized test) is 0.33 standard deviations
above the added value of the lower quartile. In other words, if we were to implement a
radical (and politically impossible) strategy of ﬁring all teachers in the lower quartile
and replacing them with teachers of same quality as those in the upper quartile, we could
expect to achieve an eﬀect size of 0.08 standard deviations. Therefore, an eﬀect size of
0.08 standard deviations seems to be the upper limit when it comes to teacher training.
The eﬀect size that is estimated for the ConectaIdeas Performance Support System is
therefore much higher than the upper limit for teacher training. It is also higher than the
reported eﬀect size of mentoring programs [9, 17, 18].
Another critical issue is the need to understand this eﬀect size in practical terms. Is
the estimated eﬀect large enough to be substantially important or relevant to policymakers? [19]. One strategy is to compare the eﬀect with the typical increase in student
learning over a whole year, as measured by standardized tests. This is another type of
benchmark. Here, the eﬀect of the intervention is compared to the natural growth in
academic achievement that takes place over the course of a year for an average student.
For example, according to [4, 19], the annual achievement gain on a National Standar‐
dized test in fourth-grade mathematics is 0.56. We do not have statistics on natural
growth in Chile. These would be very diﬃcult and expensive to obtain as the SIMCE
math test is only sat by certain grade levels. Unlike in other countries, such as the U.S.,
in Chile there is not a standardized test for every grade level. The SIMCE test is a national
test that is traditionally only sat by fourth graders, eighth graders and tenth graders, as
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well as now by sixth graders. However, if we assume similar natural growth as in the
U.S. then the intervention with the ConectaIdeas Performance Support System, which
had an estimated eﬀect size of 0.30, represents 54% of the annual natural achievement
gain for fourth graders. This is an enormous gain. It is equivalent to the gain made in
math through half a year of schooling.
The results obtained so far are very promising. However, this is not an RCT study
and involves only one district. As [20] recommends “…more experimentation and eval‐
uation is needed. The only way to know what works and what does not work is by
innovating, piloting, evaluating, and learning”.
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