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1 Introduction

The introduction of technological devices in learning provides the edncational
systems around the world with opportunities and challenges. The direction that
digitalization should follow in this sensitive field does not appear clearly, hut more
ar less conrageous attempts keep being made all over the world. The topic attracts
many criticisms, regarding every aspects of the issue. That is because the radical
change that nnderlies digitalization does not only consist in a shift towards tech-
nological devices from paper-based and frontal lectures content: in fact, this pro-
cess has the potential to undermine traditional teaching and learning methods,

with obvions conseqnences on future generations’ knowledge and skills.

The basic assmmption on which this paper relies is that this transformation pro-
cess is already taking place, althongh at different rates around the world, and it
is likely to take root. This assumption is hased on the evidence that this dissem-
ination phenomenon has already taken place in a number of other areas of society,
such as business. The purpose of this paper is to investigate the value and the
relationship between two potential effects of school digitalization, hoth related to

data analysis.

The main effect, which is easily conceivable, is the one on students” performance,
which is perceived as the primary advantage that can be achieved throngh this
whole process. Tf the effect proved positive, it wonld canse in turn socio-economic
henefits both in the short and, more importantly, in the long term. If evidence
supported the hypothesis of a positive effect, policy makers should be compelled
to take into account these potential, and fairly noteworthy, advantages. However,
as sald before, digital learning is a rapidly growing sector in which a vast number
of approaches coexist. Whether the effect is positive, negative, or uninfluential, it
is highly likely to depend on the type of methods employed. Although it can be
argued that other eriteria should be employved as well in the evalnation of a learn-
ing method or approach, data analvsis can provide decision-makers with useful

evidence by estimating its impact on performance.



Figure 1.1 School Digitalization's Effects
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This is where data firstly appears in the mechanism revolving around school dig-
italization: it can he used to test hypotheses and provide evidence to support

decisions.

The first part of the paper consists in the analysis of data coming from an exper-
imental study, conducted specifically for this research project, with the aim of
assessing the impact of a fairly simple digital application on stndents’ perfor-
mance. This is used as an example in order to show how data can provide addi-

tional and nseful information on the value of these services.

Research Question 1: Does school digitalization have an

effect on students’ performance?

Such analyses are already emploved in educational research in order to evaluate
the best methods among the traditional ones. However, when technological de-
vices are employed, there is a game-changing difference: most of the data needed
for research is antomatically collected by online platforms or programs, thereby
making it readily available. This incredibly reduces the cost of collecting and

accessing data. Moreover, the collected information does not represent just a
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randomly chosen sample;, but in theory all of the observations are available and
new data is continuonsly collected at every user access: datasets become extremely
larger and dynamic. Thereby, the overall process of assessing a method’s effec-
tiveness becomes mnch less time-consuming, having almost immediate feedback,
and the costs of conducting rigorous research drop dramatically. Moreover, innmo-
vation in digital learning will provide more and more accurate and appropriate
information about students, which will make the data more precise and repre-

sentative.

The second part of the paper focuses on this particular aspect: the potential of
the large amount of data collected by digital devices in education. This is usnally
an underestimated, if not utterly neglected, henefit of school digitalization. By
providing additional, and otherwise nmknowable information, data mining can
nnleash a number of socio-economic henefits at every level of the edncation strue-

ture, from individual students to the district-level, to the entire system.

Starting from an economic point of view, the purpose of this paper is to show how
data mining, only possible thanks to school digitalization, can be conscientionsly
employved in order to respond to the specific needs of an education system. The
potential of educational data mining and its consequences should be therefore
considered by policymakers when assessing the cost-effectiveness of a school dig-

italization palicy.

Research Question 2: How can data mining help education

at its different levels?

In summary, school digitalization canses two potential effects related to data: it
facilitates the assessment of learning methods providing indication for future
changes: it collects large amount of data that may suggests policy or method
shifts, regardless of the technological aspect. Both these effects aim in the same
direction that is the education system improvement, which in the long term is

going to affect the socio-economic stability and productivity of a conntry.
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1.1 Log-Data in Education

The subject of this paper is to prove the potential of log-data whose collection is

an inevitable consecuence of school digitalization.

As said before, the exploitation of log-data may have two major effects in the

mechanism. The main distinct features of log-data regard the temporal dimension.

Firstly, data are immediately collected at every nser access. Therefore, the dataset.
is dynamic. In addition to the reduction of time and money spent, collecting data,
this allows for the usage of new techniques that can learn from the data and
adjust according to their evolution in time. These machine learning methads are
already employed in the business and social network fields with extraordinary
results, and can be emploved in education as well, especially at the student level.
User-based tutoring strategies are just an example of how machine learning can

he employed in order to help students.

Secondly, log-data usually collect information about time during each session. For
instance, the time spent on a problent before answering can be measured. These
variables, although easy to measure for a single student, would be hardly available
at a low cost and at a large scale otherwise. The precise and again, evolving,
results that log-data offer can be used to create evaluation metrics that are not.
commonly emploved, such as reading or problem-solving speed, readiness, and

their evolution in time.

In conclusion, log-data not only will accelerate the process of evaluating learning
methods but will also allow for the development of new, more sophisticated ones,
that could take into acconnt original ways of assessing performance and improve-

merit.
1.2 Data as a Check

The first part focuses on analysing the results of a randomized controlled experi-
ment, designed with the aim of assessing the effect. of online tntoring strategies.
In this first application, data will be used in order to test a hypothesis and, there-
fore, corroborate the theory supporting the nsetulness of digital learning methods.

The study was conducted in sixth-grade classrooms in the USA.
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In this part, a deductive approach is employed since the starting point is a hy-
pothesis which is tested based on evidence. This application represents the imme-

diate advantage that data can provide in school digitalization.

A traditional method in educational research such as multilevel modelling is em-
ploved so that the model will estimate the coetficients while considering effects

hoth at the student-level and the class-level.

However, the collected data, being log-data, ditfer from traditional datasets in
that it contains a number of variables that would be hardly measurable otherwise,
such as response tinme to each question. These variables allow us to include origi-
nal metries in the multilevel analysis, in order to create a more acenrate model
and control for more external effects. The analysis will lead to an estimate of the
effect of online tutoring strategies, its confidence interval, and its statistical sig-

nificance.
1.3 Data as a Tool

In addition to the direct effect that digitalization may have on the educational
system, there is a more subtle benefit that can come from the exploitation of the

data, especially of the log-data collected over time.

As businesses first. envisioned the upcoming world of the information technology
and now are increagingly recognizing the value of data analysis, the education

system is likely to come across this hnge opportunity in the near future.

Digitalization is not a cost-free process, therefore, wasting some of the value it
containg or delayving its exploitation seems nonsense. However, data analysis is
also an expensive and time-consuming activity, whose results and benefits may
often only be seen in the long-term. Therefore, it is fundamental to assess the
priorities of the education system at each of its leveld in order to carry ont anal-

ysesd that specifically address these needs.

Additionally, data mining technigques should be adjusted to the context of educa-
tiom, whose features as well as data differ from the ones typical, for instance, of

the business environment, where statistics is intensively employed.
Educational data mining is a rising, interdisciplinary field of inquiry, whose pri-
mary ain is to develop and refine statistical and machine learning techniques for

the exploration of educational data. Classic data mining techniques have been



adapted to this type of data and its common hierarchical structure, in order to
gain further insights about different aspects of education. These techniques have
proved useful in a wide range of applications regarding the fields of teaching

methods, learning approaches, and course management.

Gaining turther knowledge about the functioning of the education system will
help identify its fragilities and shortcomings and improve its quality. Instructors
and policy makers will be provided with much more information in the form of
easy-to-understand tools snch as summary metries and visual content, thns re-

ducing the uncertainty they face in their decisions.

In the second part of the paper, a popular method in Educational Data Mining
will be applied to a case stndy. The approach will be different from the traditional
one emploved in the first application. As in business data mining, the analysis
will start from the identification of a specific need of the client (which could be a
school, a district, or a teacher) and it will continue with the choice of a strategy
or method (e.g. unsupervised data mining techniques) that allows to retrieve the
information of interest from the available data. The insights will then be used to
describe aceurately the sitnation to the client and to develop recommendations

for an appropriate solution.
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2 Educational Data Mining

Fducational data mining is defined by the most prominent researchers in the filed

asl

“the area of scientific inquiry centered around the devel-
opment of methods for making discoveries within the
unigue kinds of data that come from educational settings
and using those methods to better understand students and

the settings which they learn in”. [1]

Specifically, educational data mining differs from traditional data mining because
it tries to develop methods that work especially for and exploit the multiple levels
of the hierarchy which often characterizes educational data (e.g. probleni, assign-

ment /test, student, class, school, district levels)

Data mining is the field of inguiry in which methods and techniques are emploved
in order to extract meaningful and hidden information from data that could po-
tentially affect decision-making. Tts application in several fields has made it clear
that it has the potential to deeply transformm the way research inquiry is con-
ducted. Applying data mining to the educational setting was not only encouraged
hy the excellent results of the methodology in other fields, but also necessary
given that students data, thanks to technological devices and digitalization, grow
larger and larger, exceeding the hnman ability to extract useful information from

them.

Educational data mining is a multidisciplinary field, which uses theories from the
learning sciences, education philosophy, and psychometries literature, and meth-
ads from the data mining, statistics, and machine learning fields. Most of the
researchers nse a theory-oriented approach that guides their choices during anal-
vses: this is a distinctive feature of edncational data mining which diverges tfrom

the clagsic data-driven approach emploved in other fields.
2.1 History

The field of edncational data mining is relatively new: the first journal entirely

dedicated to the topic, Journal of Fducational Data Mining [2], began publica-

tions in 2009, preceded by few conferences in the early 2000s. Other vennes have
9



heen established and publish regularly research in this area: Journal of Learning
Analytics; International Conference on Fducotional Data Mining; Conference on
Learning Analytics and Knowledge; Internotional Conference on Artificial Intel-

ligence in Fducation; and others. [3]

Two different societies, TRDMS [4] and SoLLAR. [5] have been established around
2010: they both promote the nse of analytics in education and serve the purpose
of bringing together technical, statistical, psychological, and pedagogical skills to

improve learning and education.

The main reasons for the growth of edncational data mining are definitely related
to the increasing quantity of data available for research and the development of

computational and analytical tools to analyse it.

The amonnt of data stored has heen growing exponentially since the employment,

of digital devices and online platforms in schools and other educational contexts.

The main sources of data for EDM include traditional ones, such as surveys and
questionnaires, but the tield focuses on the exploitation of the so-called log-data,
which differs from offline edncational sources in a variety of aspects. Sources of

educational log-data can be categorized as follows:

e E-Learning Platforms and Learning Management Systems. Stu-
dents are provided with content, instructions, and communication. Report-

ing is available for teachers.

e Intelligent Tutoring Systems and Adaptive Educational Hyper-
media Systems. The learning process is customized on the basis of each

student’s profile.

However, the first analyses on log-data used to spend an incredible amount of
time just transforming the files into a readable format. Nowadays, this is not an
issne any more since standardized formats have heen developed in order to log

and store effectively students’ data.

Maoreover, educational data has become more accessible to researchers thanks to
the creation of public online repositories such as the PSLC DataShop [6] and the
National Center for Education Statistics [7]. The main advantage of the uploading
of log-data in publie repositories is that datasets can be nsed to answer research
questions even if they are fairly different from the ones the original study was set,

up for: on contrast to traditional survevs, log-data has generally a standardized
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format, which generally includes a wide variety of all of the important features

that can be collected through e-learning.

Conversely, theories and models that prove feasible on a dataset can be trans-
ferred to new datasets in order to bhe validated and generalized. Tt is common
procedure to replicate the same data mining analysis in more datasets, differing

in terms of educational context or learning systems.

Finally, the large amount of data which is collected in fairly similar learning
contexts definitely helps understand how contextual factors influence the learning

process and students’ performance.

On the other hand, statistical and data mining tools, which are hecoming increas-
ingly easier to nse, have heen accessible for researchers, making it easy to store
and analyse data. Thus, more and more learning sciences researchers have been

driven towards the inclusion of data mining technigques into their studies.

2.2 Educational Data Mining and Learning Analytics

Two research communities, often overlapping, have been growing in the area of
data mining in education, whose perspectives are different but complementary.
They share similar valnes and goals, it they have distinctive traits with respect

to methodological and ideological approaches. [§]

e Educational Data Mining (EDM). Tt is usunally more interested in auto-
mated methods and theoretical, technical approaches. Tts main applications
altn at automated adaptation, such as user-based educational software that
learns from student’s performance and adapts the content to individnal needs.
The emphasis in modelling is on breaking down the phenomenon of interest
into basic components and analysing the relationships and the interactions
among them. Techniques that are widely popular within the EDM community

include prediction, clustering, and Bayesian models.

e Learning Analytics (LA}). The nltimate goal is to inform and empower
teachers and learners (leveraging human judgement). Researchers in this com-
munity are also more interested in understanding systems with a holistic ap-
proach. The most preferred methods are social network analysis, sentiment,

analysis; concept analysis, and sensemaking models.
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However, the term educationel dato wmining is commonly nsed to refer to the
interdisciplinary research field in which data science techuiques are emploved in

an educational setting.

2.3 Main Methods and Techniques

FEDM emplovs different. data mining techniques in order to achieve its purposes.
Literature has categorized the most common EDM methods as deseribed in [3].
The first three categories of methods are classic techniques emploved in data

mining, while the last two are typical approaches adopted in M.
Prediction

The goal is to predict the value of a target variable, given a set or combination
of other variables called predictors. The main types of prediction used in EDM
are classification (the target variable is hinary or categorical), regression (it is
continnous), and density estimation (the target is a probability density function).
Traditional KDM applications of prediction maodels are used to predict stndents’
educational outcomes, such as tinal performance in terms of score or speed, prob-

ahility of failure, or probability of school dropout.

When using prediction models, it is essential to consider the non-independence

due to the hierarchical structure of educational data.

Structure Discovery

It represents an exploratory approach to the data with the aim of identifving
patterns, groups, similarities either in the observations or variables. Common
methods include:

e Clustering. The goal is to find groups made up by observations that natu-

rally group together because of their feature similarities. Tt has been used both

to gronp students and students’ actions, as well as schools at a higher level.

e Factor Analysis or Principal Component Analysis. The goal is the
same as in clustering, but the interest is on variables rather than observations.

The features are tnmied into a new set of latent factors.

e Social Network Analysis. Tt develops a model abont relationships and in-

teractions among members of a group.

12



e Domain Structure Discovery. The goal is to “find the structure of

knowledge in an educational domain”. [3]
Relationship Mining

Its aim is to find out meaningful and strong relationships between variables. This
category contains some of the most popular methods in EDM. These methodolo-
gies help finding relevant factors and it is used for feature selection and extraction.

Four main types of relationship mining are commonly employed.

e Agsgociation Rules. Tt attempts to find rules such as if a set of variable
values is present, then another variable will take a specific value. (i.e.

{if—=then} rules)

o Correlation. Tt analyses the strength and signs of linear correlations among

variables.

e Sequential Pattern Mining. Tt attempts to find associations between

events i thme.

e Causal Data Mining. Tt attempts to find out whether an event has triggered

or caused another one, often using covariances.

In order to be considered relevant, relationships have to prove both statistically
significant and interesting. Statistical significance s assessed to understand
whether the relationship or pattern was due to chance or not: statistical tests are
nsually employed, such as F-tests. On the other hand, interestingness measures
the strength of the relationship, in order to reduce the set of rules to the strongest.
and maost snpported by the data: the most common interestingness measures in

EDM are lift. and cosine.
Discovery with Models

The outcome of a model (often a prediction model) is used to conduet a second
analysis and to create a final model. The most popular way to conduct discovery
with maodel employvs two different prediction models, the latter using the predic-
tions of the former as a new predictor. Another type of discovery with models
nses predictions to search for relationships with other variables. Discovery with

models may also employ knowledge engineering models (f.e. human-made models).
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Distillation for Human Judgement

It is one of the most important. tasks of KDM, which is to provide teachers and
edncators with useful, comprehensible information about their students. This is
commonly done throngh data visualization methods such as heatmaps, scatter-
plots, learning curves, or learnograms, in which the number of opportunities to
practice is plotted against a performance measure. This approach is most common
in LA research. Distillation is used for two key purposes: classification and iden-
tification. When the purpose is classification, distillation can be seen as an ex-
ploratory phase for the development of a prediction model. On the other hand,
identification is the process of displaving the retrieved information to human

jndgement, for pattern recognition or labelling.
2.4 EDM Applications

The ultimate goal of educational data mining is not, only research and knowledge
enrichment: in fact, having a positive impact on learners and learning environ-
ments and process is the final aim. The tasks that EDM can mostly contribute to

have been categorized into five categories [9]:
e Fvaluation of student performance and learning process;

e Development of adaptive learning and intelligent tutoring svstems based

on learners’ individual behaviour;
o Assessment of material and content in online courses;
e Development of valuable feedback systems for instructors and learners;
e Detection of unusnal student behaviours.

Data mining technigues can be used to predict students’ performance more acen-
rately thanks to the account of new features and factors that would be unknow-
able withont log-data. Before predicting specific outcomes, it is essential to de-
velop accurate student, or learner models that explain which factors {and how
much) affects individual hehavionrs. The development of a robust student model

is one of the primary tasks of EDM.

Once relevant features have heen identified, other models can be developed, for
example, to predict final scores or drop-out probability, or for data visnalization
techniques. These methods can be employed to build systems that assess students’

hehavionr and respond intelligently and adaptively to their own needs.
14



On the other hand, information can provide feedback support to teachers abont
the trends and composition of their pools of students. For instance, content of-
fered in different media types can affect particular stndents’ categories more than
others: how well each category responds to different media can be useful to teach-
ers to understand which types of content are more appropriate to categories of

students. [10]
2.5 Present and Future

Fducational data mining has already proved its valne in a variety of applications.
In particular, there are some areas where EDM has heavily impacted on the nn-
derstanding of some aspects related to learning sciences. For example, a number
of papers have been published regarding the issue of student disengagement de-
tection in which automated models have heen proposed that allow to detect spe-

cific students’ behaviour. [11]

In general, the employment of data mining has given positive feedback in learning
sciences, especially with discoveries and evidence that led to practical changes
and improvements in the educational setting. Tn tnrn, new strategies and teaching

approaches can be studied to find out more about new (nestions that may arise.

One of the main consequences of EDM has also caused to raise awareness about,
the impact of social factors, contexts, and learning environments on the learning
process. This is likely to influence the way e-learning, as perhaps traditional learn-

ing, is struetured and condneted.

The field of educational data mining continnes to expand, with more and more
research questions rising and searching for data-supported answer. The range of
setfings and levels in the edncational systems is widening as researchers trying to
apply data mining techniques to unexplored aspects of education. The develop-
ment in recent years also snggests that the field is likely to grow fast in the vears
to come. The publication trends show that research in the field has been con-
stantly growing since 2010 [12]. Educational data mining is likely to thrive in the
following vears and to unleash its full potential. Given the positive results
achieved so far, it is certainly a powerful tool in the hands of researchers and
learning scientists, as well ag a supportive partner for teachers and instructors. Tt
has the power to support and immprove both theory and practice in the educational

field.
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With respect to the future, the state of the art in data science is the employment
of deep learning techmiques that have achieved incredible results in a variety of

applications, such as image recognition and natural language processing. [13]

Machine and deep learning technigues have already heen employed in educational
data mining, for instance, to perform handwriting recognition for e-learning sys-
tems [14]. Other applications that have heen ontlined regard adaptive learning
systems based on individual students’ behaviour. Although these algorithms pro-
duce acceurate models, particnlarly in the prediction field, interpretability is defi-
nitely not ome of their strength points: it is difficult to interpret the results in
terms of the impact of each features involved, as well as to extract canse-effect
relationships, which then prevents from having a “story” that easily explains the
model and can be nnderstood even by those who are not tamiliar with data mining
{e.g. teachers}). Therefore, an issue raises since EDM is particularly sensitive to
interpretability, given its main purposes and stakeholders. However, as EDM is
making its progress, methods for deep learning interpretability are being devel-
oped as well, so that hapefully these powertul tools will be suceessfully employved
in the educational tasks and applications that most would benefit from it, which

incliude text mining and behavionr prediction.
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3 Impact of School Digitalization: An Ex-
perimental Study

3.1 ASSISTments by WPI

The purpose of this experiment, is to assess whether the use of a particular digital

implementation during homework has an impact on students’ learning,.

Specifically, the experiment was condncted in collaboration with ASSTSTments,
which is an online learning platform, developed in 2003 by Neil and Christina
Heffernan, and now supported by the ASSISTments Foundation of Worcester

Polytechnic Tnstitnte. [15]

ASSTSTments is an online plattorm which is completely free of charge for students
and teachers. Tt offers homework content that teachers can assign to their classes.
Although it is mainly used for math homework assignments, the platform now
contains many problem sets related to other suhjects. Teachers are also allowed
to create, develop, and assign their own content. Tt was initially used only by K-
12 teachers, but now many colleges and universities nse it to assign content to
their students. ASSTSTments assists students during their homework, with im-
mediate correctness feedback and tntoring strategies, while assessing them and

providing teachers with real time data about their class’ performance.

On the other hand, ASSISTments” nltimate mission is to improve education
through scientific research, by providing researchers and scientists with a nseful
tool to create randomized controlled trials to run on the platforim. Studies are
created to be minimally disruptive for students and teachers™ experience and not
to compromise students’ learning time. 18 studies were published on randomized

controlled experiments run on the platform.

Teachers can voluntarily participate in the experiment or just assign the problem
set. developed for the study as a regular assignment: students” experience does not

differ from normal content assignments.

ASSTISTments also has a large database containing the results for each problem
set: this offers a great amount of data useful for analysis in the field of learning

selences.



Tn 20114, on average 4,000 students used the platform each weekday: about half of

them used it for homework, while the other half during schooltime. [15]

Last year, more than 10 million problems were solved using ASSTSTments, which
is currently used in 46 states of the US and in 14 conntries. Tn 2019, more than

2,500 teachers used ASSISTments content. [16]
3.2 Randomized Controlled Experiment

The following study was developed with the purpose of investigating whether
simple tutoring strategies during homework could help stndents’ learning process
and enhance their future performance. In order to accomplish this goal, a ran-
domized controlled experiment, was designed for the purpose. The digitalization
method that is assessed in this study is online tutoring strategies that are availa-
ble on ASSISTments platform, as well as in other online learning tools. These
strategies include hint requests and scaffolding strategies, which provide the
hreakdown of the problem into steps through which the student is led towards
the solution. ASSISTments is widely popular for those features, together with the
Skill Builder option. Tn this study, the purpose is to assess whether stndents learn
faster when they have access to these types of help tools during their math home-

work.

A randomized controlled trial is an experiment whose aim is to test the effect or
impact. of a specific condition, by controlling for other factors, hence reducing
possible sources of bias. ITn order to achieve this aim, subjects are randomly as-
signed to two (or more) gronps, which then undertake different treatments: by
randomly allocating subjects with different characteristics, it reduces selection
hias and confounding. Tn general, one of the groups does not receive any treas-
ment., and therefore, it is called control group, while the other is called treatment
group. In order to test the efficacy of the treatment, the resnlts of the two groups
are statistically compared. Randomized controlled trials {RCT) are popular in the

medical and in the social sciences.

ASSTSTments allows researchers to design their own experiments by writing prob-
lemn sets, divided into sections. Usually, RCTs in the social sciences are composed

of three main sections:
o Pre-Test. Subjects’ initial features are recorded and nsed to weight the
final results with the prior situation.
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e Condition. Treatment group undergoes the condition, while the control

group experiences business-as-usual.

e Post-Test. Subjects’ final features are recorded: the results of the two

groups are compared to assess the impact of the condition.

In order to create the experiment, a setting had to be chosen: the target popula-
tion of choice consists in sixth-grade students, while the topic of interest regards
the ability of writing expressions with variables, which is a component of the
standard math curriculim in America. A problem set was built using ASSIST-
ments pre-existing certified content. The problem set is accessible at [17]. The

problem set is made vp by b sections and has the following strueture.

Figure 3.1 Flowchart of the Experiment

NO TUTORING TUTORING

POST-TEST
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Survey. Students are asked off-topic questions to gather information
about the setting where the experiment. is taking place and their general

attitude towards ASSISTments. (uestions are multiple choice.

1. Whaose device is this?

2. Hawve you qot any similar device at home?

3. Have your grades irmproved since you started using ASSTS Tments?
4. Do you think ASSTS Tments or other digital systems help you learn

faster than traditional methods?

Pre-Test. In the first section containing math content, students’ prior
knowledge is assessed through questions about a much easier mathematical
topic, related to the number system. Students do not get any correctness
feedback on these (uestions; therefore, they do not know how they per-

formed.

Example. Before the actual experiment, every student has the chance to
revise or learn abont the strategy that is needed to solve the type of prob-

lems that they are about to encounter.

Condition. Students are randonly assigned to one of the following sec-
tioms and are not able to aceess the other part, neither to choose which
one to complete. The questions of the two sections are identical and are
related to the ability of writing expressions with variables. The difference

is in the type of feedback and the accessibility of tutoring strategies.

1. Control. Students do not have aceess to tutoring strategy. How-
ever, they have immediate correctness feedback. They need to an-
swer correctly to each of the problem in order to complete the sec-
tion. Thev have access to the correct answer, but whenever they

access it, their answer is marked as wrong,.

2. Treatment. From the beginning of each problem, students have
aceess to tutoring strategies (i.e. hints or scaffolding tutoring). Tf
they access help, their answer is marked as wrong. If they make a
first. wrong attempt, tutoring strategies are automatically turned
on. Students then need to follow the help strategy until the correct

answer 15 achieved.



e Post-Test. In the final section, students do not receive any type of cor-
recthess feedback and they cannot access any type of tutoring strategy.
The gnestions are still related to the topic of the condition part. This sec-
tion is needed to evaluate students’ improvement after homework comple-

tiom.

Sixth-grade math teachers were asked whether they were willing to take part. in
this research projects. The experiment conld be condneted either at home or a
school, but always as an individual activity. Within the established deadline, 6

teachers in many different states of the US had agreed to participate in the study.
3.3 Dataset Description and Preparation

The data abont the problem set was collected by the ASSTISTments Team of WPT
and it was composed of two different datasets: student-level and problem-level
data. All of the following analyses have been implemented using R, R Studio, and

open source R packages [18] [19].

Of all of the 116 students who started the problem set, only 78 of them completed
at least one problem in the post-test section. The subjects with incomplete infor-
mation or missing values were dropped. Assigning median or mean values to these
observation may be useful for other types of data mining analysis, but since the
purpose of this experimernt is to test the effectiveness of a methodology, estimating
{and guessing) variables” values will bias the results. Unfortunately, the class sizes
after cleaning is highly variable and nnbalanced. The number of students in the
treatment group is 35 (44,87 %), while the students who did not have access to

tutoring strategies are 43,

The student-level dataset containg a row for each student and offers information
about the three different sections: pre-test, condition, and post-test. T addition
to problein set-related variables, measures of students’ prior history are available,
regarding practice level, percentage of correctness, probability of help requests,

ete. Moreover, there are survey answers.

With respect to the class-level, the datasets only contain the identification num-
hers of teachers and classes. More class variables have been computed aggregating
{mean values) student-level variables, snch as average prior measures and modal

SUTVeEY alswers.



Binding all these variables, a new dataset was c¢reated which includes two hierar-

chical levels: student-level and class-level.

Table 3.1 - Classes Composition

Class 1D Size Control Treatment
19788 14 10 4
27207 25 12 13
38527 21 10 11
67653 9 D 4
108312 8 5 3
113278 1 1 0
Total 78 43 35

Student Level Variables

For each of the sections, the percentage of correct answers is available (only firas
actions}, as well as the average time spent on a problem (seconds). For the treat-
ment, group, there are also the number of requested hints: however, in this prob-
lem set, if students answer wrongly or access help at first attempts, then a scaf-
folding strategy svstem opens and leads students to the solution. Therefore, these
additional variables are not of interest in this example. ASSISTments also pro-
vides information about students’ prior knowledge, number of problems com-

pleted, average speed, average number of attempts, and average hint connt.

During the problem set, students’ average performance went. from quite high in
the pre-test section, to particularly low in the condition part, ending with a gen-
eral improvement in the final part: although this is true on average, the variability
of the correctness percentage variable steadily increases during the problem set.
Both before and after the experiment, the treatment group performs better in
terms of percentage of correct answers. This slightly unbalanced division between
treatment and control groups may represent a problem in the following analyses,

especially given the restricted number of observations. The positive gap between

]
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the two groups may be an effect of a pre-existing knowledge gap, instead of a
consequence of the experiment. Therefore, students’ prior knowledge must un-
donbtedly bhe considered. However, from the condition to the post-test section,

the gap widens, which is a good signal for onr hypothesis.

The average time spent. on a single problem reaches a peak in the condition sec-
tion: surprisingly, the control group spends more time than the treatment gronp
solving the problem, despite the “Show Answer” button. Again, treatment group’s
students seem to be faster, which could be another indicator of their higher prep-
aration. Interestingly, “treatment” students are faster than the “control” students

in the post-test section.

Figure 3.2 FEvolution of Performance and Response Time by Condition
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Students’ pre-existing metrics are aligned with the pre-test results. However, the
pre-test section only yvields a discrete distribution of students” knowledge, while
the prior cumulative average performance on ASSISTments is a much more pre-
cise metric of stndent’s preparation. This variable’s probability distribution is

close to a Ganssian one. All of the students but one had nsed ASSTSTments



hetore, although their practice level is highly variable. The majority of the stu-

dents is not used to requesting hints.

Table 3.2 - Student Level Variables

Variables Mean | Median S.D. Treatment | Control
pretest_percent_ correct U.660 1.750 0.197 1.6571 1.651
pretest__avy  seconds 107.591 w04 6.3.55% 102.356 112.0341
condition_ percent_ corvect 0.271 U.200 0.2:1% 0.311 0.2412
condition__avg_seconds 197.597 153.213 v2.166 178.210 213377
posttest_percent_corvect 0377 0400 0.271 0414 0.31Y4
posttest_avy seconds 111.737 T2.045 03.634 U41. 556 126.697
DPrior_percent_correct 0613 1.6141 1.155 .60 1.501
prior_avg  secouds 100,153 O4.572 41.705 100565 DY.NT2
prior__problems_ completed 034.192 51000 21471 100313 #0047
prior_ave  hint_count 0117 000y 0.212 0113 u.12

The snrvey answers also provide some major informmation abont the setting in
which the experiment was conducted and some stndents’ features that were not
directly accessible. Almost the totality of the students completed the problem ses
in the school environment, but individually. Only fonr of them stated that they
were using a personal /family device. Given this extreme concentration, it is cho-

sen to use this variable at the class level.

The vast majority of the pupils has access to similar technological devices at home
{i.e. PC, tablets, smartphones). Technological acquaintance can be interpreted in
two different. ways: first, it can be used to roughly estimate students’ economie
sitnation: secondly, their familiarity or the lack of it may affect their experience
on online platforms snch as ASSISTments, giving them advantage or disad-
vantage over their classmates. Therefore, it looks like a fundamental factor to

control for students’ heterogeneity (student level).



Figure 3.8 Survey Questions
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Another phenomenon that was assessed through the survey question is students’
perception of ASSTSTments as a learning tool. When gnestioned about the actual
improvement in terms of grade, two thirds of them could not answer. Neverthe-
less, the remaining students gave a positive feedback, except two pupils who af-

tirmed that their grades had heen worsening.

On the other hand, answers about the comparison between traditional paper-
hased methods and technological learming tools have been much more variable:
the majority says that digitalization helps them learn faster, hut some others say
that they prefer traditional methods. Grade and learning perception are used to

describe individnal students.
Class Level

The experitment. setting in all of the classes is the school environment, therefore,

this variable is constant for all of the students and can be discarded.

Ag a consequence, there are three components that describe clagses: average prior
level {aggregation of prior and pre-test variables); average technological familiar-
ity feconomic statns; teacher or class dummy variables (which represent all of the
other factors that affects the response variable at the class level). Classes differs

.)[’j
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in terms of prior average scores, as well as completion time and practice level.

Therefore, it is important to consider those discrepancies among students.

Figure 3.4 Class Average Variables

pretest_percent_correct pretest_avg_seconds_on_problen prior_problems_completed
300 150
0.6 250
0s 200 100
' 150
- E II ) I I
il e
0.0 0 III 0 III
oo - [ ) (5] oo oo [ [ 3] o oo oo e [ 2] [s] oo
oo [ ) Loy — [ oo ] o L — e oo [ (5] Loy — [
[ (5 Loy w (3] %) e o w o 3] [a) [ [ [¥) ) (o) %)
o P e [ oo 3] ] F-- ru] P oo (3] o P w0 [ w0 323
— [a] 3] o [ — — [} (2] w [} — — (] 2] i) [ —

prior_percent_correct prior_avg_hint_count prior_avg_seconds_on_problem

] 0.5 - 140 ]
04 120 7
0.6 : 100 4
0.4 0.3 80
' 02 60 7
02 01 4 I 40
’ 20

0.0 — 0g - —EE— [] 0 - —

3.4 Exploratory Analysis
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The hypothesis that needs 1o be tested is whether tutoring strategies nsed by the
treatment group’s students have a positive impact on their learning process and
final performance. Tin order to assess the impact of the condition on these phe-

nomena, different. response variables are chosen:

a) Students’ progress can be assessed by looking at the post-test score and
comparing it with the condition score. The goal is to estimate whether the

condition has a significant effect on improvement.

b} Students’ final performance and knowledge level can be estimated using
post-test section score. Given a constant level of prior knowledge, students

in the tutoring condition should outperform the rest of the students.

In these first analyses, the hierarchical structure of the dataset will be ignored,

and only student-level featnres will be considered.



Progress

The percentage of students whose score improves is higher in the treatment group
than in the control group, in which, however, the majority of the students imn-
proved despite the lack of tutoring. The difference is computed so as to have a
measure tor each student, which will be used as the response variable in the fol-
lowing analyses.

Figure 3.5 Scatterplots of Condition Score and Post Score, and of Progress and Condition
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The new variable will be called “progress”. Tts range goes trom -1 to 1: the worst
result can only be achieved by students who have a perfect score in the condition
section and no correct. answer in the post-section; comversely, a progress of 1 is
only achievable by stndents who scored (0 in the condition section. Theretore, the
progress’ feasible range depends linearly on the condition score. The response
variable has a bell-shaped distribntion, with mean 0.10 and standard deviation of

0.29: the QQ-Plot suggests that progress has a normal-like distribution.

Figure 3.6 Histograms of Progress by Condition and QQ-Plot
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The average progress is higher in the treatment gronp than in the control group.
This provides evidence for the hypothesis that tutoring strategies help students
learn. However, the magnitude of this effect must be estimated so as to determine
whether it is significant. The linear correlation coefficient. between the condition
and the progress is particularly low: such a value does not allow to draw conelu-
sions abont the relationship, whose positivity may or may not be dne to chance.
However, variances are significantly different between the two groups: therefore,
the treatment at least causes heteroskedasticity in the progress variable (Bart-

lett’s test [20]).

I order to assess whether the progress feature is significantly different in the two
groups, an analysis of variance is performed. Inferential statistics allows to gen-
eralize conclusions retrieved tfrom a sample to the overall population, thanks to
probability comfidence intervals and hypothesis testing. Tn the ANOVA test, two
ar more samples are compared in order to test whether their differences are due
either to chance or to the gronping factors. The null hypothesis is that their means
are equal, while the alternative is that at least a couple of means are significantly
different. Tn this case, there is only one factor of inferest that distinguishes the
two gronps, which is the presence of absence of tutoring strategy access. Classic
ANOVA has assnmptions that must be met in order to reach robust results: the
response variable in this example is normally distribnted but it does not respect
homoskedasticity between groups. Therefore, instead of the classic methaod, the

Welch's 1 test is chosen and performed [21].

In the Welch’s unmequal variances test, the following statistic is computed (see

appendix 3.9):

X4 —Xp

t= ~T,
Si , Sk
ng ng

This statistic has Student-t distribution with o degrees of freedom under the null
hypothesis (ho: X, = X_B) In this case, the alternative hypothesis is that the treat-
ment group has a higher mean value than the control gronp and therefore, the

test is one-tailed (111;X_A < X_B where A is the control group). The Welch’s statistic

]
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for the progress variable using the condition as the only factor yvields the following

resnlts:

Figure 8.7 Student-T Distribution with 7/ degrees of freedom
Table 3.3 {
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The t-test accepts the null hypothesis for which the average progress values in
the two groups are not statistically different: althongh in this sample the alterna-

tive hypothesis holds, this cannot be generalized to the whole population.

This test only considers one factor and ignores other features that might affect
the progress value for each student. Tt is relevant to identify the other factors

that are correlated to the response variable.

At the stndent-level, the correlation coefficients are all very low. There is almost.
no linear correlation between progress and prior correctiess percentage or pre-
test section’s score. Surprisingly, there is a much higher correlation with response
time variables: the negative correlation snggests that those students who answer
faster also seemn to learn faster. The practice level on ASSISTients is slightly
positively correlated to the ontcome. In conclusion, the frequency of help requests
shows a negative relationship with students’” improvement: the more students are

nsed to requesting help, the lower the probability of a high level of progress.

With respect to the survey answers’ features, progress does not seem to be highly
correlated to none of them. An ANOVA on each of the survey questions do not

show significant differences in terms of progress.



Figure 3.8 Scatterplots of Progress and Student-Level Variable with Linear Regression Lines
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Final Score

As the histograms show, the final score (post-test section correctness percentage)
is om average higher for the treatment group. The Welch test finds a significant
ditference between the average final scores of the two groups (p-valne: 0.017):
however, this might be due to the fact that the treatment group has a slightly

higher prior knowledge level.

Figure 3.9 Student-T Distribution with 75.8 degrees of freedom
Table 3.4
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In fact, the final score is highly correlated to all of the previous correctness per-
centage metrics. As for progress, the correlation with speed variables is also low:
this conld be explained by the fact that the experiment was not time limited.

Final performance is also negatively correlated to the probability of help requests.
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Figure 3.10 Scatterplots of Final Score and Student-Level Variable with Regression Lines

With respect to the survey questions, the ANOVAg indicates that there are no
significant differences in terms of final score among stndents who answers differ-
ently to the survey questions. Even the technological familiarity variable vields a
p-value of almost 50 %. Therefore, the survey questions do not appear to be

significant explanatory variables for the post-test performance.

Interestingly, the dummy variable that shows the highest correlation coefficient
is the one indicating whether or not student completed the assignment at home
{which is actually a class-level variable), whose value is -0.24 the negativity of
the coefficient indicates that students who completed that study at school have
on average higher scores: although students were asked to complete the assign-

ment, individnally, collaboration between students may explain this phenomenon.
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3.5 Linear Regression Models

By design, the progress feature is highly correlated with the variables that have
heen used to create it. Tt may be more interesting to attempt to explain the final
post-test score on the basis of the condition and the (’.01‘1t.ml/treatn'lent- section
score, 80 as to estimmate the impact of the initial score on the final one and whether
or not. the condition affects the magnitnde of this effect. By considering the con-
dition and the prior knowledge level, the pre-existing gap between treatment and

control groups is levelled ont.

In order to explain the distribution of the post-test section score, a simple linear
regression madel is used. Firstlv, only the condition factor will be included (i.e.
same resnlts of a classic ANOVA): then, other features are used as predictors as
well. Since variables are expressed in different metrics, standardization is applied
on all of the variables. After the standardization, the intercept will be the final

scare of an average student (0 in all of the variables).

Final Score; = By + B - Condition; + ... Bj - Predictor;; ...+ €;

In Model 1, since the condition is a binary variable, By is the mean score of the
control group, while Ro+ p1 is the average of the treatment group. Tn this case,
the test is conducted on the significance of g1 (he: 1= 0): the coefficient is (.13,
which is the difference between the two groups, and the p-value of the t test is
0.0366. With a confidence level of 95 %, the condition has a significant effect on

the final score.

Tore features are added so as to include all of the relevant effects: since the
M feat lded t Inde all of ti | t effect th
purpose is not prediction but hypothesis testing, the effects that are assumed to
be relevant are included, such as students’ prior performance level, condition

score, average response time, practice level, and probability of requesting help.



Table 3.5 - Linear Regression Models

on Final Score

Predictors (X) 1 2 3 4 5 Best

0.319 0.226 -0.365
Intercept rx rx 0.123 -0.176 | -0.402 ** o
Condition (C) 0.130** | 0.102* 0.122 ** 0.076 0.748 ** | 0.710 **

0.383
Condition_Percent_Correct ok -0.108
0.3203

Pretest_Percent_Correct -

. 0.925 1.115 1.025
Prior_Percent_Correct ok ok ek
Pretest_Avg_Seconds -0.0001
Prior_Avg_Seconds -0.001 7.2e-05
Prior_Avg_Hint _Count -0.095
Prior_Problems_Completed 0.0003 0.001 ** | 0.001 **

. iti - 0.505
C - Condition_Percent_Cor 0.613 ** 9
rect
C * Prior_Percent_Correct -0.732 * -0.641

-0.002
C - Prior_Avg_Seconds -0.002 * ok
. i - -0.002
C Prior_Problems_Com 20,002 o
pleted
RSE 0.2683 0.2528 0.264 0.2361 0.2226 0.2202
Adjusted R? 0.0438 0.1512 0.07435 0.2599 0.3418 0.3564
F value (significance) 453 * | 7.86** | 3.06** 6.41%*% | 544 %%k | 7,09 Fr*

From 0.1 to 0.05: *; from 0.5 to 0.01: **; beyond 0.01 ***
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Fxcept for maodel 4, the condition coefficient. is always positive and significant at
least. at a 90 % confidence level. The variable that best describes the variability
of the final score is prior percentage of correct answers: when it is included, the
coefficient. of the condition is not significant. However, there are other factors that
should be taken into account. The last model inclndes a variety of features and
also allows for their effects to change based on the condition: all of the interaction

termis are significant. Tt explains only 34 % of the final score variability.

The prior correctness percentage is positive and have a strong effect on final
performance. However, the interaction term snggests that the influence of prior
knowledge level is stromger when students do not have access to help; then tutor-
ing strategies are availlable, the effect is less than halt of the original one. On the
other hand, condition score shows a non-significant negative coefficient, which
hecomes paositive for the treatment group: students in the treatment group can
see explanations and hints so that their understanding of the skills, and therefore,
their score is likely to increase. Practice level positively inflnences the final score
for the control group, while the effect is cancelled for the treatment group. In
conclusion, the speed feature shows a negative coefficient for the treatment grouyp:
it seems that fast students are more likely to benefit from tntoring strategies than

pupils with lenger response times.

Best, subset selection allows to find the best models out of all the possible combi-
nations of a set of features. With a maximum number of 10 features, the best
madel in terms of Mallow’s Cp eriterion contains the same variables as model 5
except for the condition score and prior average response time. The adjnsted R
squared for this model is 35.6 %. The coefficient. of the condition is 0.71 and its
p-value is 0L016. The madel’s overall signiticance is assessed throngh an F-test

whoge p-value is 2.152e-06. The signs of the coefficients are the same of Model 5.

With respect to the survey questions, the only features that are slightly correlated
to the final score are abont the environment where the experiment took place.
However, school environment yields a non-significant coetficient: yet, the condi-

tiom coefficient s significant.
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3.6 Multilevel Analysis

The statistical concepts and formulas of the following sections refer to [22].

Table 3.6 - Classes” Means

Class | Treatment | Control
19788 0.5 0.28
27207 0.338 0.308
38527 0.545 (.56
67653 (.65 0.2
108312 (0.233 0.12

In the linear models, it was assumed that
subjects were all independent from each
other. However, this assumption is incor-
rect becanse students are nested into clas-
ses. There is one class that contains a single
student: this subject is excluded in the fol-
lowing analyses. In four ont of five classes,
the average final score is higher for the
treatment group than for the control ome;
however, the impact as well as the average
final score may depend on differences at the

class-level.

Since the data have a nesting structure, a hierarchical model best suits the need

to consider external factors that may vary the effect at the gronp/class level. Tn

such a structure, there are two populations and two samnples: ¢lasses in the dataset

are just a sample of all of the sixth-grade classes in the US: students are a sample

of all of the students in the classes that make up the first sample.

As a consequence, micro-level features” variahbility is affected by two random ef-

fects due to the sampling structure of the experiment. However, if the class level

does not, gsignificantly influence the micro-level features, the hierarchical structure

of the data can be neglected. Tn order to assess whether students in the same class

have a higher correlation than students from two different classes, a random ef-

fects ANOVA maodel (i.e. null model) is computed.

U

Final Score;; = Final Score + U; + R;;

;i is not a parameter but an additional error term that changes for each class.

The average final score added to Uj gives the average response valne for each of

the groups. Tts variance is the so-called between variance (t2) and it is computed



as the variance from the overall mean of the gronp averages. When the group

sizes are not equal, the hetween variance must be adjusted [see appendix 3.9].

R;j is the stndent-level error term that has mean 0 and it is assumed to have a
normal distribution. Tts variance is the within variance (62), which is the weighted
mean of each group’s variance. The total variance is just the sum of between and

within sum of squares, divided by the total number of snbjects minus 1.

The intraclass correlation coefficient simply measures the correlation between two
subjects from the same group: it is compnted as the ratio between the hetween
and total variances. Tt this coefficient is significantly large, then the hierarchical
structure should not be neglected because it influences the distribution of the

response variable. The intraclass correlation coefficient is [see appendix 3.9]:

[\
)
+ | =

In this case study, its value is 0.186, which is relatively low but not nnnsual in
educational research. Tn order to prove the significance of the group variance, the
clagsic F-test of ANOVA is performed, whose statistic distributes as a Fisher-

Snedecor under the null hypothesis.

)

The F-value is 4.365 and significant. at a 99 % confidence level. This test proves
that the multilevel structure of the dataset should not be neglected hecause group

membership significantly affects the final score.

In the null model, there are only the overall average response and the two levels’
error terms. The class-level random effect is also called random intercept. becanse
the intercept of the model becomes group-dependent. The fixed intercept should
he interpreted as the expected value of the final score for a random student, in a
random class: the reason why it is not identical to the overall raw mean is because
it is weighted for the various classes. The parameters are estimated using the

restricted maxivnmm likelihiood estithation methodd.
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Table 3.7 - Empty Model

Fixed Part | Estimate | p-value
Intercept -0.0656 .75
Random Part | Name Var.
Cluss-Level Iutercept (t2) | 0.194
Student-Level Residuals (%) | 0.850

Final Score
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Figure 3.11 Class Intercept and Class Mean Final Scores

As it can be seen the intercept 18 not significant: becanse of the previous stand-

ardization, the response variable has mean 0. The class-level variance is about a

fifth of the total variance. The covariance between two students in the same class

is ahout 20 %. 12 and 0?2 are two terms of nnexplained variability that respectively

acts at the group-level and at the subject-level. These values can be reduced by

the introduction of explanatory variables at hoth levels. Since the effect of interest

regards the condition, a fixed effect for this variable is initially added to the

model.

Final Score;; = Boj + B1 - Condition;; + R;;
= Yoo + U()] + Y10 Conditionl] + Rl]

Table 3.8 Random Intercept Model

Fixed Part Estimate p-value
Iutercept -U.2405 1.:353%
Coundition 04017 B05s1 *
Random Part | Name Var.
Cleess-Level Iutercept (t2) | 0.1771
Student-Level Residuals (6%) | 0.8227

Figure 3.12 Class Random Intercepts

posttest_percent_correct

Random Intercept and
Condition Fixed Effect Model
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The two-levels variances have both decreased bt reinain high. The coefficient. of
the condition is positive. To test the significance of fixed terms (he: B=0), a t-test
is performed: the t-valne has a Student-t distribution. The condition coefficient,
is significant at a 94 % confidence level. Since this is a fixed effect, the impact of
the condition is the sanie on each gronp, whose intercepts, however, are free to
move. There are three schools at the center of the distribution and two schools

which have very high and very low intercept coefficients.

In order to compare models with different numbers of predictors, a homogeneous
measure of goodness must be emploved. The most. common measure is the devi-
ance, which can be estimated for every model that uses the maximum likelihood
method. Tt is compnted as minus twice the natural logarithm of the likelihood. Tt
measures the lack of fit between the model and the data: the model with the

lowest. deviance represents the best fit.

Dy = —2log (L)

A deviance test can he performed to prove the significance of the random intercept
in the model. In order to implement the test, the deviance of the model (RT) must
he compared to the same model with 1o random intercept (i.e. OLS). The larger
model will always have a smaller deviance: hence, the null hypothesis is that the
difference hetween the two deviances, which is always positive, is however not,
significantly different. from 0, meaning that the larger model does not represent.
an improverent. On the other hand, if the difference is sufficiently large, the
larger one should be considered a more feasible model. The difference of the
deviance has a. chi-squared distribution with a nmmber of degrees of freedom equal

to the number of added parameters.

Do —Dq ~ Xlzh—po

In our case, there is only one additional parameter (t2) and the deviance
difference is equal to 6.234, for which the p-value is 0.012. Therefore, the random

intercept is significant. in this model at a 95 % confidence level.



The impact of the condition may be stronger for classes with a low level of average
final score, while it could be weaker tor classes in which the overall imean is higher.
In order to let the slope of the condition vary, a random effect for this variable
must be in¢luded. By including a random slope in the madel, also the variance of

the response variable within a group is dependent on the explanatory variable.

The hypothesis is that the slope will be steeper for high-intercept classes than for
low-intercept, ones, which can be translated into a negative correlation coefficient,

hetween the two random effects.

Final Score;; = Boj + B4; - Condition;; + R;;
=%Yoot U()]' + (]/10+ Ul]) : Conditioni]- + Rij

Table 3.9 - Random Slope Model

Fixed Part Estimate Std. Error | T-Value P-Value
Intercept, -0.273 0.271 -1.006 0.373
Condition 0.493% 0.276 1.784 0.175
Random Part | Name Variance Std. Dev. | Correlation
Class-Level Tntercept. (T3) | 0.2647 0.515
-0.64 (1:01)

Condition (t3) | 0.1519 0.390

Student-Level Residuals (a2) | (.7936 0.891

The condition coefficient is still positive and remains positive for each of the
groups. However, the fixed effect of the condition is not significant. The condition
slope is Y19+ Uyj, which is a random variable with mean y;o and standard devia-
tion 7. Tn a 95 % confidence interval, the slope goes from -0.271 to 1.257: this
means that the effect may also be null. The correlation between the intercept and

the condition random effects is negative: this means that classes with a higher
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performance for an average student Figure 5.13 Class Regression Lines
have a lower within-class effect of the Random Slope Model

condition.

According to the likelihood ratio test,
the random slope for the condition is

highly not significant. Yet, the whaole

model is significantly better than the

OLS simplification. Given the results,

posttest_percent_correct

the model does not need a random

slope for the condition variable: it can

he concluded that the condition effect

is not significantly  different among 00 02 04 06 08 10

classes. The random intercept is in- Condition

stead significant, and its variance can be reduced by the introduction of class-
level predictors. The irrelevance of adding a gronp-dependent slope to condition
is also pointed out by the fact that adding other subject-level features and inter-
action terms with the condition completely dissolves T2 variance: the condition
effect may change among students but the cause does not regard school differences

but, in fact, student differences.
3.7 Hierarchical Models’ Specification

Ag in linear models, the condition coefficient shonld be tested once that all of the
other significant. effects are included. Including stndent-level variables may reduce
the residual variance (%), as well as the group-level variance. On the other hand,
variables at the group-level can help reduce the variability of Up;: adding group
factors may help predict more acenrately the group-dependent regression coeffi-

cient Bo;.

Boj = Yoo + Yo1 - Class Variable; + Uy;

The relationship between the final score and student-level variables has already
heen analysed. With respect to the class-variables, the final score is positively

correlated with the class average prior correctress percentage and negatively with
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the class average nmimber of help requests. Average hint count can prove more
nseful at the class level, indicating whether teachers use ASSISTments mainly to
teach (high probability of asking for help) or to assess students (low probability
of asking tor help). In addition to these factors, adding the average correctness
percentage in the condition section may control for the fact that students may or
may not have already encountered the specific math skill being tested: it is as-
sumed that the final score will be higher in classes in which the topic has already
heen covered {i.e. with an average good result in the condition section). With
regard to speed variables, condition and prior speed show very similar correlation
coefficients. Students’ response time is assumed to affect the final score mainly at.

the subject-level rather than at the class one.

In conclusion, there is a slightly positive correlation with the dummy wvariables
indicating whether or not students possess more than one other technological
device at home. The aggregation of this factor at the class-level (mode valne of
the survey answers for each class) can he considered as an instrumental variable
nsed to roughly assess the average socio-economic status of each class. The posi-
tive correlation supports the hypothesis that wealthier classes’ students may score

higher than students coming from a poorer background.

Correlation: 0.149682 Correlation: 0.214906 Correlation: -0.347444
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Figure 3.1/ Scatterplot of Final Score and Class-Level Variable with Regression Lines
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Table 3.10 - Hierarchical Linear Models

0 1 2 3 Best
Fixed Part
Intercept -0.241 -0.131 0.28 0.137 0.375*
Condition (C) 0.405 * 0.262 -0.382 0.271 0.266
Prior_Percent_Correct 0.55 *** 0.534 *** 0.37 ***
Prior_Problems_Completed 0.254 0.244
C - Condition_Percent_Correct 0.480 *** 0.498 *** | 0.471 ***
C - Prior_Percent_Correct -0.389 * -0.417 *
C - Prior_Avg_Seconds -0.372 ** -0.362 **
C - Prior_Problems_Completed -0.448 ** -0.456 **
Condition_Percent_Correct 0.765 *** 0.186
More_Than_One -0.9 * -0.451 | -1.031 ***
Prior_Avg_Hint _Count -0.535 *+* | -0.284 **
Prior_Percent_Correct 0.618 ***
C - Condition_Percent_Correct -0.975 *x*
C - Prior_Avg_Hint_Count 0.183
C - Prior_Avg_Seconds -0.529 ***
C - More_Than_One 1.608 **
Random Part
Intercept (73) 0.177 ** 0.07 - - -
Residuals (a?) 0.823 0.613 0.689 0.606 0.617
Goodness of Fit Measures
Deviance 211.04** 192.59 189.87 190.98 188.18
Adjusted R2 - - 0.231 0.394 0.383
F-Value - - 4257 *** | 5936 *** | 8.848 ***




In the first model, the best subset found in the linear models’” analysis is imple-
mented again with a random intercept. Starting from a group-level variance of
0.177 in the model with only the condition, Model 1 leads to a significant decrease
in 72, as well as in 2. The likelihood ratio test states that class differences are
not significantly relevant when these subject-level features are considered. The

condition coefficient is still positive but not significant.

The multilevel analysis is also of interest in order to assess whether class variables

and their interaction terms with the condition are significant.

In Model 2, the most relevant group-level effects are added and the random in-
tercept. variance completely vanishes. The condition coefficient is negative but.
not significant in Model 2, but its interaction terms are indeed significant. The
condition percentage score coefficient. is positive meaning that classes that have
already sufficient knowledge on the skill are more likely to have students with
high final scores. However, under treatment, the coefficient becomes negative:
tutoring strategies seem to fill the gap between the two types of classes. The prior
average hint count coefficient is significant and negative: students whose teachers
are more likely to nse ASSISTments as a testing tool may be more careful and
less likely to request hints, hence more likely to have a higher final score; on the
other hand, students who are used to accessing helps may be less careful. The
effect of average hint requests is rednced nnder treatment. The dummy variable
regarding the average familiarity with technological devices show a significant

coetficient which is in contrast with the previously formulated hypothesis.

The random intercept variance is nearly () and, therefore, the included variables
explain almost all of the between-group variability: the hierarchical structure can
therefore be neglected, and normal linear regression is more appropriate. With
regard to prior and condition percentage of correctness, neither of the variables
show a significant between-group coefficient. and, therefore, within-centering is

not convenient.

In Model 3, all of the significant variables at the two levels are inclnded. The
signs of the coefficients are all equal to the previous models. The interaction terms

are significant, and their signs are aligned with the hypotheses explained before.

Finally, best subset selection offers a model with 6 predictors with significant,

condition interaction terms and an explained variability of 38.3 %.
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3.8 Results and Conclusions

Introducing and assessing the mmltilevel structure was necessary to secure that
all of the significant levels of variability were considered. The results snggest that,
although there are significant. differences among classes regarding the problem set.
final score, these discrepancies are almost completely explained by subject-level
variables. As a consequence, the hierarchical structure can be neglected in this

particular case stady.

As a comsequence, the impact of the tntoring strategies was analysed through
multiple linear regression madels containing both micro and macro-level features.
Micro-level interaction terms are also included. The non-significance of the ran-
dom slope of the condition dwmmy variable suggests that its effect is not signifi-
cantly different among classes, thus indicating the irrelevance of including cross-

level interaction terms between the condition and class-level variables.

When the condition is considered as the only predictor for the final score
{ANOVA), its coefficient is positive and significant. The positiveness of the coef-
ticient indicates that students who had aceess to online tutoring strategies during
homework do score higher on average in following tests than stndents who com-

pleted traditional homework in which tutoring strategies are not available.

The sign of the coefficient remains constant even when different predictors are
included in the regression in order to control for external factors. However, in
some of the madels, the coefficient is not significant: although the impact is pos-
itive in this sample, its magnitnde is not statistically different from 0 (e its
confidence interval contains 0) and, therefore, the presence and the positiveness

of the effect canmot be extended to the overall popnlation.

However, when the condition is not a significant explanatory variable, some its
interaction terms always prove to have strong coefficients: the condition does not.
directly influence the final score, but it changes substantially the impact of other

variables.

For example, tutoring strategies seem to reduce the importance of prior knowledge
level on the final score: the negative coetficient of this interaction term weakens
the positive correlation between prior percentage correctness and final score.
Thus, tutoring strategies seem to partially fill the gap between low-achieving and

high-achieving stndents.

44



Another interesting effect regards the one of the condition section score, whose
coefficient is not significant. for the control group; however, the predictor’s coeffi-
cient. hecomes positive and significant if tutoring strategies are available. Surpris-
ingly, students’ performance during traditional homework does not prove to be a
good predictor of their future performance; however, when homework includes
tutoring, then the relationship becomes positive. This phenomenon could be ex-
plained by the fact that if a student answers wrongly when in the treatment
condition, a scaffolding strategy containing explanations automatically opens, al-

lowing students to understand their mistakes.

In general, the condition seems to weaken the influence of traditional performance
predictors, such as previous score and practice level, thnus partially levelling out

students’ individual differences in achievement.

In terms of class-level variables, three variables appear to influence the final score.
Firstly, the class average score in the condition section can signal whether or not
students have already encountered the particular math skill being assessed in
their curriculum: contrary to the corresponding disaggregated variable, the class-
level aggregated feature shows a significant positive effect on final correctness

percentage.

Secondly, class average attitude towards the platform in terms of hint access can
reveal whether or not the tool is mainly nsed for assistance or assessment: in the
tirst case, students will be more likely to frequently access tutoring strategies (i.e.
high values of class average hint count) and to answer more carelessly (lower final

scores); otherwise, students should be used to evalnating carefully the problem

hetore aceessing help or giving an answer (low values of Prior_Avg Hint _Count

and higher final scores).

Finally, high familiarity with technological variable seems to have a negative ef-
fect on students’ performance in the problem set. Tn this case, evidence opposes
the hypothesis that students living in a more digital home environment (possibly

meaning wealthier) perform better than other students.

In conclusion, it can be said that tntoring strategies on ASSTSTments have a
positive impact on students’ future performance. Students who completed tradi-
tional-like homework (control group) are likely to perform worse than students

who had the chance of using hints and scaffolding strategies during homework.



The effect can be decomposed in mediated effects that inflnence other predictors,

which in turn are the most relevant explanatory factors for final performance.

The model chosen as the optimal representation of the phenomenon is represented

as Model 3 of Table 3.10, which explains almost 40 % of the response variability.
3.9 Appendix: Formulas

In the Welch's t-test, X4 and Xp are the sample means of the two groups; ny and
ng are the sizes of the two samples; 54 and s are the sample standard deviations;

v is the mumber of degrees of freedom of the Stndent-t distribution. [21]
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The formmlas used for the multilevel analysis of paragraph 3.6 are taken from
[22]. N is the overall number of observations; K is the number of groups; n; is the
mmmber of observation in the j-group; )7_j is the mean in the j-group; nis the

average group size (N/K).
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4 Analysis of Log Data: Groups Identifica-
tion
At the school or class level, log-data, files offer large amount. of information abont,
students that can be useful for teachers. However, analysing the data and the
results for each of the students is impracticable. Theretore, some suminarization
and simplification of the data is needed so that they can become in fact readily
nnderstandable for teachers and administrators. This analysis implements two of
the most common methods in educational data mining, which are called clustering

and distillation for human judgement. [1]

Given a particular class or school, it can be useful for teachers and instructors to
identify particular groups of students who have similar features at each point in
tite, 50 as to suggest different approaches towards each of these gronps. Although
each student is unique and has its own needs and shortages, rarely teachers have
time to address them at an individual level. By dividing a classroom inte homo-
geneons gronps, teachers will be able to give different recommendations and sug-

gestions to each of them, without losing time assessing students one at a time.

This group-hased method represents the first step towards adaptive learning and
teaching approaches which are likely to thrive in the years to come. This method
is likely to have effects both in the short and long-term. For instance, identifving
students at risk of tailure in advance may prove incredibly important in prevent-
ing their actual failure at the end of the school year. Once teachers are aware of
which students fall in this category, they can snggest, remedial programmes, extra-
practice, or whatever they think it may be useful. Not only this is likely to help
the low-achieving students, but it will also improve the overall quality of the
classroom. Tn the long run, the gap hetween low-achieving and high-achieving
studernits is likely to narrow and students will be more likely to suceeed in higher

education.

Using log-data instead of only test or assignment scores allows to categorize stu-
dents also in terms of variables such as motivation, confidence, and speed. If
students limp in some of those areas, schools will be able to help them overcome
their difficulties before it is too late. For instance, the school ability of identitying

in time careless and demotivated students may reduce drop-ont rates. Tn the long



term, the average educational attainment is likely to rise, as well as productivity
23],

Moreover, at higher levels of the edncation system, these data can be aggregated
and compared so as to monitor more aceurately the general compaosition of the
student. popnlation in a given area. This can prove useful to address issues snuch

as regional inequality and the quality of edncation in deprived areas.

Dividing wnits into homogenons groups is a widely popular application of data
mining. These methods are called clustering algorithms: given a set of featnres,
these algorithms are able to divide observations into groups or clusters based on

a dissimilarity measure. [24]

However, the hierarchical stractnre of the educational system requires to consider
the effects that can canse differences between groups at each level. Ag a conse-
quence, generalization is often not possible. Nevertheless, similar patterns may

emerge from different implementations which do not differ considerably.

In this application, a cluster analysis is implemented in different. contexts with
similar macro-level characteristics. Firstly, different models are created on the
hasis of a single school: the results are then interpreted, and their meaningfulness
ig asgsessed. Secondly, the same models are implemented on data from neighbour
schools and from the same school but on data collected the following vear: the

aitn is to compare the clusterizations and assess the goodness of the models.

The statistical software R has heen employed for the following analyses: figures,

tables, and plots have heen generated using R Studio. [18] [19]

When statistical terminology and concepts are emploved, they refer to the defini-

tions and formulas given in [24].
4.1 Dataset Description & Data Preparation

For this application, a dataset provided hy ASSTISTments was chosen [15]. The
dataset is public, and it includes 942 816 rows [25]. The dataset contains the log-
actions of 1709 middle school students. Log-actions refer to two different school
vears and to four different schools: for the school year 2004-2005, the log-actions
of all of the schools are available, while for the following vear, the dataset contains
only the actions of two schools. Students nsed the ASSTSTments software twice

a week for the whole school year to complete assignments on math skills. Schools
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are located in the same city in central Massachusetts, while students are distilled

from a. diverse population, both racially and economically [26].

The dataset contains variables regarding the student, such as gender, school iden-
tification code, and final test score for the school vear. The data are anonyimized
and do not contain personally identitiable information about the individnals. Each
row represents an action made by the student while solving a specific problem:
each one contains information about the type of problem, the number of attempts

so far, help requests, response correctness and time.

The final score (Massachnsetts Comprehensive Assessment Score) was not avail-
able for some of the students: the observations containing missing values for the
final score were dropped. The variable “timeTaken” contains a high munber of
ontliers which could damage the following analyses: the extreme of the upper
whisker in the boxplot is just above 1 minute, while the maximmm value is abont,
2 hours. Since some problems may take more time, the extreme upper whisker
value appears too low, so the threshold of 5 minutes is chosen instead: all of the

actions above this time are dropped.

Finally, some problems in ASSISTments do not assess any math skills since sur-
vey or research questions can be included in the problems. Therefore, the actions
containing problems with “noskill” content are dropped. After the cleaning pro-

cess, there are 765,092 observations and 1376 students left.

Figure 4.1 Boxplot of "timeTaken" Variable
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Table 4.1 - Dataset Summary

Middle School School Year Actions Students
School 1 2004-2005 95,501 191

2004-2005 315,497 382
School 2

2005-2006 105,226 205
School 3 2004-2005 20,595 125

2004-2005 191,279 238
School 4

2005-2006 36,994 295
Total 765,092 1376

Since students did not complete the same problem sets during the school year,
results for each student are likely to depend on the problems encountered. There-
fore, a dataset containing details about each problem is created and the following
measures are computed: total mumber of attempts; munber of students who solved
the problem: number of times the problem was enconntered (i.e. number of first
atternpts to the problem); average number of attempts; average time of comple-
tion: average response time; percentage of correct answers; percentage of help
requests; average response fime in first attempts; percentage of correct answers
in first attempts; percentage of help requests in first attempts. The number of

unique problems containing math skills is 2094.

Then, a dataset containing a row for each problem completed by each student
was created. The same measures were computed as well as the distance between
the stndent’s results and the average resnlts for each problem: these new variables

are assigned the “dev” prefix.

Since the aim of the analysis is to identify students with similar features, a “stu-
dent. dataset” was created. For each pupil, the mean of all of the variables was
computed. Tn addition to these metrics, the number of ditferent, problems enconn-

tered was included as a measure of practice level.



4.2 Metrics Description and Selection

Before starting any analysis, the measures in the student dataset are explored.
The dataset is divided in school vears, so as to control whether there are signifi-
cant. differences between the two time periods. While evaluating the distributions
and the correlations among featnres, possible differences between schools are also

considered.
First, the features are divided into categories:
e Performance measures
e Time measures
o Attempt and Practice measures
e Help measures
Performance measures

For each stndent, the following metrics related to score and performance are

available:

o AveCorrect: number of actions divided by number of correct answers. Tt
is not a reliable measure since some actions are help requests or scaffolding
steps, for which the “correct answer” dunimy variable collects 0. Tt tends
to underestimate students’ score. The positive skewness of its distribution

supports this hypothesis.

e DMCAS: it is the final score each student obtained in a time-limited stand-
ardized test which is taken at the end of the school year. Tt represents
students” achievement level or test performance. Tt is an example of a tra-

ditional parameter used to classify students.

e St Ave_ Correct and Dev_ Correct: mean of the scores gained in each
problernn and mean of the deviation of the scores from each problem’s av-
erage. The second variable controls for the ditficulty level of the problems
enconnterad. Although the distributions are very similar, students differ
hoth in the number and in the type of problems completed. Therefore, the

latter variable seemms a much less hiased metric.

o Fr St Corr and Dev_ Fr_ Corr: percentage of correct answers in first

attempts {mean for each problem) and its deviation from problem average.



Frequency

Frequency

These variables are similar to the previous ones; however, they take into
account only first attempts: thus, they can be interpreted as students’
knowledge before accessing any help or correctness feedback. They measure

the mmber of times students readily gave a correct answer.

Fven though there are obviously differences in the mean and variance among the

different schools, the distributions look always very similar.

Figure 4.2 Histograms of Performance Variables

AveCorrect st_ave_correct fr_st_corr
o
(=1
o~
g
= 2 a
™ - -
2 2
o [=] o o
. : ¢ i
=] [ [
2
@ 2
(=1 (=1 (=1
[ T T 1 [ T T T 1 [ T T T T 1
0.z 0.4 0.6 0.8 0.z 0.4 0.6 0.8 1.0 0.0 0.z 0.4 0.6 0.8 1.0
Mean:0.404 - Variance:0.014 Mean:0.554 - Variance:0.016 Mean:0.441 - Variance:0.026
Skewness: 1.037 Skewness: 012 Skewness: 0.162
MCAS dev_correct dev_fr_corr
o o
(=1 (=1
o~ o~
(=1 o (=1
g g g
= =
2 2
2 T 3 T
g z © g =
z =
L L
(=1 (=1
w w
(=1
w
(=1 (=1 (=1
T T T T T 1 T T T T 1 T T T T T 1
10 20 30 40 50 -0.2 0.0 0.z 0.4 0.6 -0.4 -0.2 0.0 0.z 0.4 0.6
Mean:28.356 - Variance:150.737 Mean:0.138 - Variance:0.016 Mean:0.008 - Variance:0.025
Skewness: 0.144 Skewness: 0.165 Skewness: 0,184

Looking at the scatterplot and at the correlation matrix, it appears clearly that
the last four variables are highly correlated to each other. With regard to the
correlation coefficients of MCAS, there is always a positive strong correlation
between the performance measures and MCAS. Dev_ Correct shows the highest
one and this happens also when we look at single school and year datasets: this
high coefficient suggests that Dev_ Correct may be more useful than other metrics
in predicting acenrately MCAS. There are differences among the schools and the
school year in terms of mean and variance values. However, the variable distri-
butions are always very similar: the AveCorrect variable always show quite a high

skewness coefficient;

o



Figure 4.8 Scatterplot Matriz of Performance Variables
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Time Measures

St_ Time_to_ Complete: it measures the average time a pupil takes to
complete a single problem. Tt represents the time taken to solve the proh-
lem. This variable is likely to depend strongly on the difficulty level of the
problem. Therefore, a better measnure would be the mean of the deviations

trom problem average.

St Ave Response_ Time: it is the average time a student takes before
choosing an action. Tt represents the readiness of the student and its con-
tidence level. Tt 1s not directly related to the difficulty of the problem: after
the first attempt, students may take the fime to consider other solntions
or just try to give a different answer. It can be interpreted as students’

average decision speed.

Fr_ St Time: it takes into account only first responses. [t measures stu-
dents’ carelessness while approaching a problem. Tt is important to evalu-
ate it in terms of deviations from the average since some problems might,
he significantly more time-consuming than others. Therefore, a short time
taken before the first attempt could identify a careless student or a fairly

easy problem.

Figure 4.5 Histograms of Time Variables

Frequency

Frequency

300 500

100

500

100 200 300 400

0

0

st time_to_complete st_ave_response_time fr_st_time
=
|
(]
[=]
=] o
o 8 i
7o z o
= = —
o 2 o
I o I o
E § 8-
L o I
2 o
2 4
o .
[ T T T 1 [ T T T T 1 I T T T T 1
50 100 150 200 0 20 40 50 a0 100 0 20 40 60 80 100
Mean:§3.453 - Variance:483.073 Mean:38.785 - Variance:227.716 Mean:43.407 - Variance:253.368
Skewness: 1.075 Skewness: 0.585 Skewness: 0.549
dev_time_complete dev_response_time dev_fr_time
o
& g
-
o
2 4
(3] [
g 4
= o = O
(s} w - (o]
c — =
: 2 B4
o o o (3
= 2
('S (IS o
(= =
T3] —_
(=T o -
I B T T T T 1 T T T T 1
0 50 100 150 =20 0 20 40 60 =20 ] 20 40 &0
Mean:7.543 - Variance:403.565 Mean:9.105 - Variance: 152.241 Mean:5.155 - Variance:178.18%
Skewness: 1.213 Skewness: 0.676 Skewness: 0.643

nd



Since these are time measures, a lower value means either higher speed or confi-

dence, or higher carelessness. On the other hand, a higher value can be interpreted

as a slow or more conscientions student. All of these variables have positive-

skewed distributions: maore than half of the students show valnes lower than the

mean, which is a positive signal in terms of students” speed level.

The wvariables related to time are all
positively correlated. As time of com-
pletion increases, the variance of re-
sponse time becomes larger: this sup-
ports the hypothesis that some stn-
dents may think the problem through
{(high response time} but have rela-
tively low completion time, while oth-
ers may be more spontaneous (low re-
sponse time} but have the same average
completion fime because they use a
higher nnmber of attempts to solve the
problem. This heteroskedastic relation-
ship between these two variables may
prove fundamental in the following

clusterization process.

Attempts and Practice Measures

100 150

50

a

Figure 4.6 Scatter Matrix of Time Variables
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e N_ Total Problems: number of unique problems encountered. The

mamber of actions is not a reliable measure since it does not consider the

nmumber of attempts for each problem.

e N_ Fr_ Responses: number of solved exercises. The same problem can

he solved by the same student more than once. This variable is highly

correlated to the previous one (0=0.99). This second measure is selected

hecanse it represents more diretly the concept of students’ practice level

on ASSTSTments.

o St Ave Attempts and Dev_ Attempts: the average number of

attempts the student takes to solve a problem. Tt is likely to depend on

the type of problems. Therefore, the latter ig selected. Tt depends both on

students” knowledge and motivation.
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Figure 4.7 Histograms and Scatter Matrixz of Practice Variables
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In some schools, the level of practice and the average attempt measure are
negatively correlated: a possible explanation could be that the more a pupil
practices, the easier it becomes for him to solve the problem. However, since it
does not. happen in all of the schools, this relationship is due to some factor which
is not been taken into acconnt. For instance, the average practice levels of these
schools may be higher than in the other schools, meaning that students nsed
ASSTSTments intensively during the school year. On the contrary, evidence shows

that these schools are characterized by a lower level of practice on ASSISTments.
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This example highlights the importance of considering closely school specific

features and the fact that generalization can be misleading.

Help Measures

Frequency

Frequency

St_ Pr__ Help: probabity of a help request. Tt is computed as the number
of hint, or scaffolding requests on a single problem divided by the actions
omn that problem. Although its deviation has been computed, this variable
is likely to depend on inner characteristics of the student rather than on
the difficulty of the problem. Moreover, it is more usetul to maintain the
metric as a probability ranging from 0 to 1. This variable represents
students’ confidence and dedication when solving a problem. The higher
this probability, the less the student relies on his own effort to solve the

problem.

Fr_ St_ Help: probability of a help request in first attempts. Tt also
measnre self-esteem and motivation. Generally, it is higher than the
previous one. The deviation measure do not show significant. differences:

therefore, the original measures are selected.

Figure 4.8 Scatter Matrix of Help Variables
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4.3 Schools’ Datasets Description and Selection

Having selected all of the meaningtul features, it is interesting to investigate fur-
ther their mutual relationships. As it can be seen from the scatterplot, there is a
number of strong relationships between features. The variables related to score
appear usually negatively correlated with the number of attempts and the prob-
ability of asking for help, while the relationship between time and performance is
not so neat. The response time is positively correlated with performance variables,

meaning that the variable may be more accurately interpreted as a conscientions-

ness measnre rather than speed.
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Figure 4.9 Scatter Matrixz of Selected Features

However, time-related variables are also negatively correlated to the practice

level, which means that the more students practice, the faster they become.
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Since students’ metrics from different. school populations can differ for factors
that this analysis does not take into account (e.g. teachers’ knowledge level, school
expenditures, neighbourhood median income..), it is considered important to di-
vide students into schools and school vears so as to remove these possible differ-
ences. However, since these schools are all located in the same city, it is possible
that those factors are not as relevant as to cause significant. differences. Tn order
to test the hypothesis that the means are equal in all of the sample schools, an
analysis of variance is conducted for each variable [27]. Tf the variance between
groups proves to be significantly larger than the variance within groups, then it

will be concluded that there are in fact significant between-group differences.

Table 4.2 - Selected Features School Averages

(School Year: 2004-2005)

Variables Meaning 1 2 3 4 ANOVA
MCAS Test Score 2894 2719 33.24 2351 1.3 *#*
N_First_ Responses | Practice 2149.% 363.2 08.74 3156.3 121.] *##

St__Response__Thme | Carelessness (-) | 11.237 L4614 | 51.22 28.372 | 1857 ***

St_Proby__Help Deanotivation .2304 U.2041 1166 | 1.2441 | 31.51 ***
Fr_&t_Help Dewmotivation .2533 0.213 11701 | .2497 | 23.31 *#**
Dev_ Attempts Readiness (-) 05515 | -0.0612 | -1.2525 | U160 | 31.5% *#**
Dev__time_cowmplete | Speed (-) 5425 2.244 20664 | 2.522 33,00 HHH
Dev_correct Perforniance U081t | U1 W3042 | 01006 | 3023 *H+
Dev_fr_correct Perforniance U048 | L0245 | UO39G | -U.03T1 | 2042 *
Dev_fr_time Carelessness (-) | 1003 1.331 15.165 | U.3231 | Ah.5 ***

Fach of the univariate ANOVA F-Test indicates that there are significant differ-
ences among schools. School 2 18 chogen for the first cluster analysis becanse it
containg the largest number of stndents. Moreover, its results are comparable to

other schools, as well as with the same school during the following school year.
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Second Copnponent

4.4 Principal Components Analysis

Lastly, since the number of variables is high and the correlation coefficients are
quite strong, it is possible that dimensionality reduction techniques may yield
good results in terms of interpretability variance and conservation. A principal
component analysis is implemented using the whole dataset, in order to assess
whether reducing the number of variables may prove convenient. All of the avail-

able features (including the ones that were not tested) but MCAS are included.

Scaling is needed since variables are expressed in ditferent units of measurement.

The resnlts appear extremely promising given that the first two components re-
tain almost 87 % of the original variance. However, the loadings and the biplos
show that no simple interpretation is possible for the new components. A rotation
of these components is performed: an orthogonal rotation, in particular the “vari-
max” rotation, was chosen [28]. This rotation aims at maximizing the sum of
variance of squared loadings: as a consequence, the new loadings for each compo-
nent will he either high or near-zero. Tt helps interpretability of the correlations

hetween the original variables and the new components.

Figure 4.10 Biplot and Scatterplot of PCA
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Given its loadings, the first component can be interpreted as an overall measure
of students’ knowledge, which takes into acconnt hoth scores and students’ nsnal
approach to the assignments. The lower the score on the first component is, the

hetter and more prepared the student will be.
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On the other hand, the second component is made up by two other important
aspects: time and practice. The PCA has emphasized the negative correlation
running between time-related variables and practice level: as a consequence, it
must be assumed in the interpretation that the more students practice, the faster

they will become.

Both components’ scores are multiplied by -1 so that an excellent student would
he characterized by higher valnes hboth on PC1 and PC2. As PCA was performed,
the new components are not correlated to each other: their distribntions hoth
have a slightly skewed hell shape. The scatterplot does not reveal any obvious
group: therefore, a cluster analysis may prove a nseful way to find out these subtle
borders. Given the excellent results obtained by PCA, the components will be
nsed to carry out the cluster analyses and the outcome will be compared to the

one obtained nsing the original variables.

. . . . Correlation: 73.55 %
Regardless of the groups identification

goal, which was the reason to implement o |
PCA, this method has proved useful in
itself since it summarizes 17 variables in ¥ 7
just two practical scores for each student, 9 o
g
whose meaning is easily comprehensible. =
In addition to the loadings of the first S
component, the high positive correlation
(=
with MCAS adds evidence to the fact ;

that the first component is a performance ' ' ' ' ' '
measure. PC

Figure 4.11 Scatter Plot of PC1 and MCAS.

Point radius equal to PC2

4.5 Cluster Analysis: Goal Setting and Preparation

In order to obtain meaningful results, it is important to set the ultimate goal of
the analysis. Teachers or principals may be interested in identifying categories
such as at-risk, average, and excellent students. The final score is useful hut not,
sufficient. in order to describe accurately each student: other variables such as
response speed and motivation may incredibly improve the ability to recognize

different pupils’ needs and address them. Given the information contained in the
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original dataset, some variables related to these characteristics have been easily

computed.

The nltimate goal which was chosen for this case study is to divide stndents into
categories created along three dimensions: knowledge, speed, motivation. These
three aspects are chosen both because of their ninderstandability and hecause of
measures’ availability. Although other criteria are interesting as well, their con-
ceptnalization and measurement might be more complicated. The ain is to create
a model that allows teachers to efficiently address the needs of each of these
groups based on different. scores in each of the dimensions. For instance, learning
difficnlties, slowness, and carelessness can be addressed respectively with revision,
practice, and stimulation. The resulting clusters should be clearly divided along
these three dimensions. Although all of the variables have continnous distribu-
tions, if we can think of their values as either low-level or high-level, then there
are at least 8 possible combinations (2%), so this number conld be a starting point
for the choice of the optimal number of clusters, which should mirror the combi-

nations fonnd in a given school.

[t may be reasonable to think that the more information is held about the stn-
dents, the better the results. However, some variables may be misinforming about
students, either because they are biased or because they are highly correlated to
others. This s the case of the dataset chosen for the analysis: firstly, there is a
mimnber of factors that conld have biased the data and made it not comparable
{e.g. cheating, later improvement, efe..): secondly, including two or more highly
correlated features gives too much importance to the specific aspect they describe
to the detriment of others. Since the goal was clearly set out, each investigated
dimensions will be given the same importance. In view of the above arguments
and of the ultimate goal, the first of the analvses should regard choosing the

appropriate subset of meaningful features, on which the divisions will be made.

The final issue concerns the inclusion of MCAS: the main advantage of the im-
plementation of this method is considered to be the ability of improving students’
probability of success. Therefore, it may be more usetul not to include the final
score variable but rather using it to check the congistency of the resnlts. MCAS
may become the target variable, whose value may be predicted given a certain
students’ group. By excluding the final score; all of the variables included in the

analysis are derived from the log-data file: the nsefulness of the cluster analysis
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will also be a test on one possible advantage of log-data exploitation {i.e. educa-

tiomal data mining).

Since the variables are expressed in different units of measnrement, they must be

scaled before proceeding with any clustering algorithi.
4.6 Non-Hierarchical Clustering Algorithm: K-Means

In the first part, the clustering algorithni chosen is the K-means algorithm, which
is a centroid method [29]. This algorithms needs a random initialization on which

the results are going to depend.

Numerous combinations of the interesting variables are used and evalnated. Fach
subset contains a speed-related variable, a correctness variable, and a help prob-
ahility variable. Some snbsets also contain the average nmber of attempts and
the average completion fime. Tncluding the number of first responses mayv be
misleading since it probably did not depend on students’ choices. Given these
subsets, the ones that yield the best results in terms of low within-variance are
chosen. Tn aorder to evaluate the goodness of the models and to choose the optimal
number of clusters, five statistical measures are employed: between variance,
within variance, R% F statistics or CH index [30], and silhonette index {(average)
[31]. Given a maximum nmmber of clusters, each of these measures is compnted
and plotted against the number of groups (K). Since the goal of the analysis is to
provide teachers with a simple and effective tool thanks to whom they will able
to create customized approaches for each group, the optimal number of clusters
must be limited: otherwise, the tool will not be very nseful to teachers in spite of
its improved aceuracy. As a consequence, it has been decided that the number of
clusters cannmot he larger than 10.

Figure 4.12 Subset A’s Statistical Measures for K from 2 to 10
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The best subset includes the following variables: average response time: help re-

quest frequency; deviation of correctness (subset A). Althongh including the num-

her of average attempts and average time to complete a problem does not yield
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better results, these variables are considered important. to efficiently divide stn-
dents in terms of speed and motivation. In order to counterbalance the effect
cansed by the inclusion of these variables, the percentage of correct answers in
first responses is included as well {(subset B). Subset ' contains the same variables
of subset. A, but measured only in first responses: according to the statistical
measures employed, this model performs worse than the previons one and, there-
tfore, it is discarded. Finally, the k-means algorithm is also performed on the prin-
cipal components: although the performance is slightly lower, the interpretation

which was given to the components will help deseribe the clusters.

Table 4.3 - Statistical Measures of Group Homogeneity

K B W R? CH S

Subset A: si_response_tiwme, i
° P TSPOISEIIS e | 922,76 | 220.24 | 0.807 | 315.07 | 0.328

st__prob_lelp, dev__correct

Subset B: A + dev_attempts,
dev_thime coumplete, dev_r cor- 6 177220 | HI3.82 | 0.775 | 259.37 | (0.298

rect

l:- . T, A
Subset G s fidel | | oasoe Lago.7a | 0817 | 27813 | 0.330

dev_ fr_ correct, dev_{r_ thne

Subset PC: Competence and _ _
O 498.52 | 13833 | 0.783 | 271.02 | 0.335

Speed

Subset A

Starting from K equal to 2, observations are first divided into high-score and low-
score students. With a higher number of clusters, divisions based on time and
speed start emerging. A group of slow students is isolated from the other obser-
vations, while the faster students are progressively divided into smaller groups
based on competence. As K gets closer to 10, more time-related boundaries
emerge. Clusters are clearly separated along the dimensions of the variables which

were employed in the algorithim: the groups have different wmeans and are only
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slightly overlapping. This is also the case for the variables that are highly corre-

lated to the ones of subset. A. However, all of the groups show high

variance in MCAS: the STOUDS Figure 4.13 K-Means on Subset A with 6 clusters
overlap each other, and the in-
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Table 4.4 — K-Means Clusters Mean Values
Subset A 1 2 3 4 5 6 Total
Size 53 A% 73 33 70 71 352
MCAS 27.94 17.102 16877 31.212 11.911 27.703 27.449
1_first_ responses 207157 | 234000 | 148219 | 241000 | 3856513 | A75.33% 3634.2
St_respouse_time 35.801 35,416 10.217 | 53187 31.615 23.213 31.164
st prob__lLelp U.116 1.2x5 .37 .09l .075 .201 0.201
fr_ st help 0.137 U.306 .416 U081 1.065 .201 0.213
dev__attempts -1.227 0.236 .511 -11.5141 -1.519 1.023 -1.061
dev__tiine_complete 0.320 16166 -%.216 22.175 -1.110 74570 2.244
dev__correct .1%3 0.061 -0.015 1.254 0.207 0.125 (0 B
dev_fr_ comr 1.064 -1.%2 -U.150 0200 1.210 0007 0.021
dev_fr_tune 7.194 %864 -9.00u 20.131 1.3%6 -6.021 1.%34
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Figure 4.1/ Scatter Matriz and 3D plot with clusters obtained by K-Means on Subset A

e Cluster 1. This is the largest cluster with an average MCAS score really close
to the school average and a high variance. Tts average correctness percentage
lies in the middle of the distributions, slightly higher than the school averages,
and its variances are the lowest among all of the groups: students’ scores lie
in a specific narrow region, near the middle. Students are slightly slower than
the school average; they tend not to ask for help and their average number of
attempts is moderate. Not much can be said abont this group since it is not
strongly marked by any feature. They position themselves in the middle of all
of the distributions, with relatively limited variances. The average stndent has

a score higher than 50 %.

e Cluster 2. This group is made up by low-achieving students, whose results
and scores are slightly higher than the worst. group {cluster 3). These pupils

take more tivne on average than top students before answering a problem:
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therefore, they seem to care abont their assignments and their results. Their

high number of attempts is another sign of their lack of knowledge.

Their probability of asking for help is pretty high as its variance is. Together
with cluster 3, these are the only two groups in which the probability of asking
for help increases in the steps following the first attempts. These students
might get frustrated after a series of wrong attempts and, therefore, their

confidence in solving the problem may waver, resulting in a help request.

In terms of MCAS score, they fail to reach good results and their average score
is well below the school average. Their MCAS maximum value is lower than
the one of cluster 3: this is evidence supporting the hypothesis that these
students are more engaged and more motivated than others, but they lack the

necessary raw material, which is knowledge and topic understanding,.

Cluster 3. These students have a very low average response time and they
have on average a 44 % probability of requesting help during the first attempt.
This gronp has the worst results in terms of scores as well as number of at-
tempts. Althongh the number of attempts is high, the completion time stays
low since some hints or help request lead to the correct answer in few steps.
In terms of score variables, this gronp shows the worst results: even its vari-
ance and maximuam valnes are quite low as well. Although the variance in
MCAS is the lowest among the group, it is still quite high with a maximmn
of 40: their true level of knowledge seemns difficult to assess using assignment,

results.

It is possible that these students answer without care or directly ask for help,
thereby showing little interest in practicing their knowledge during the assign-

ments.

Given the strong reliance on help and the tiny amount of time spent consid-
ering the problem, this cluster contains demaotivated, insecure, or careless stu-
dents who appear to have little incentive to perform well during the homework.
This group containg both average and low-achieving students. Althongh some
of them do not seem at risk of failure, identifyving their carelessness and demo-
tivation may act as a warning for teachers and parents in order to prevent
future issues.

Cluster 4. Tt is the smallest cluster among the groups. Tt contains high-

achieving students who generally score well in homework assignments: their
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results are similar to the ones of the top group (cluster 5). The difference lies
in speed: the average student. of this group takes 20 more seconds to enter a
response than the average of cluster 5. This gap can be found also in first
responses. Fven though the number of attempts is quite similar, the average
time to complete a problem remains substantially higher. Moreover, they are
the slowest group among all of the clusters. Tt may be that this speed difference
is caused by different levels of practice and familiarity with ASSISTments
platform: in fact, this gronp is characterized by one of the lowest practice

level.

However, speed is not the only difference between the two high-achieving
groups: in MCAS, the average performance is 10 poings lower in this group,
whose students fail to reach the top score (maximum value: 50}. This might
he a consequence of what the clusterization has peinted ont: these students
are in general slower than their fellows in group 5 and take more time reflecting
on the problems. Although some of this slowness may be the effect of scarce
practice, it 18 likely that it represents an inherited feature of these students.
This hypothesis is supported by the fact that MCAS (which has a time limit)
scores are lower: it may be that these students are well prepared, Int they are
too slow to reach top results in final tests. A recommended approach towards

these students in order to smooth their performance may be extra-practice.

Another hypothesis is that these pupils lack self-esteem or comfidence and,

therefore, they tend to become excessively conscientious.

. [t is the best group in terms of achievement. Tt performs better
than all of the others in percentage of correctness, correctness in first re-
sponses, and MCAS. This group is undoubtedly the best regarding the results
of ASSTSTments homework. This cluster is also characterized by the least
average probability of asking for help. These students may not nead help to
answer the problems, becanse they are likely to be able to solve the problems
on their own. The average number of attempts is also the lowest, confirming

the hypothesis that these students are the best ones.

Their good results in assignments might be due to a high level of practice on
the platform: in fact, the gronp has the third higher number of average prob-

lems per student. However, practice level was not nsed in the ¢lnstering



algorithm on purpose since dividing students in terms of this variables could

add bias to the results.

When it comes to the average response fime, this group scores (uite low in
comparison to the other high-achieving gronp {clnster 5), but higher than
aother groups and the average. However, response time is not only a speed
measure but also a carelessness measure, so it is hmportant to look at other

speed variables.

In fact, the average time to complete a problem is ¢loser to the mininmum value
and well below the school average. This difference provides additional evidence
that the average response time may be negatively correlated with carelessness.
The best. students in terms of confidence and scores are not. the first in terms
of response speed: however, since they usually answer correctly in few at-
tempts, their speed reduces when the overall time to complete the problem is

considered.

In conclnsion, this group can be deseribed as: competent, motivated, confident,

relatively fast.

Cluster 6. This group has the largest variance of MCAS score and the closest
score to the school average: this means that belonging to this group tells s
altmost. nothing about probability of success. Tn terms of speed, this group
appears quite careless and demotivated. On the contrary, they tend not to ask
for help neither in first nor following attempts. Their correctness percentage

are slightly worse than the school means.

Tt is possible that these students briefly evaluate the problem and then choose
the most plausible answer without putting much effort in the decision-making,
process. They may not consgider help nseful for the completion of the problem.
The fact that they score higher than cluster 3 may resnlt from a mix of factors:
they take slightly more time in the problem’s evaluation, thereby increasing
the chance of answering correctly: they do not use help request, which usnally
marks the problem as wrong: they may be more prepared given their average

result in MCAS in comparison to cluster 3.

I light of this analysis, it is likely that eluster 3 is made up of students who
lack confidence and preparation: this leads them to rely on help requests when-
ever they do not have a clue. They often refuse to take even a first evaluation
of the problem and directly dive into the help strategy. What was interpreted
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as carelessness may be just a sign of profound incompetence and lack of un-

derstanding of the subject.

Om the other hand, stndents of cluster 4 are more likely to get good results in
the final test. They do not seem to care about help even when they cannot,
solve the problem. They take less time than top students to complete prob-
lems. Given these pieces of evidence, it mmay be argued that this is the most

careless group of students in the school.

Subsets B and PC

There are some differences between the results of the two subsets. However, the
pattern is similar as well as the actnal boundaries as long as K is relatively small.
The optimal number of clusters for both of the snbsets is equal to 6. Subset B

performs worse than subset. A, even though the former containg more variables,

The resnlts in subset B are quite similar to subset A’s, except for the first group.
In subset B, Cluster 1 contains less than 20 observations which are characterized
by high response times. This group can be identified as speed outliers. These
“slow” subjects are included in Clhister 4 when subset. A is nsed. This new group
has also the minimmum level of practice on ASSTSTments with a tight variance.
[ts slowness may be due both to lack of familiarity with the platform and to
troubles enconntered by students while completing the assignment. {e.g. computer

crashes, net lagging).

Figure 4.15 K-Means on Subset B (left) and Subset PC
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With K equal to 6, clusterization on subset PC gives almost the same exact results
as subset B: it keeps isolating the outliers while the other observations are divided
along the same boundaries. Tn terms of goodness, subset. PC performs slightly
hetter. Using subset PC| the interpretation for clusters 2, 3, 5, 6 remains the
same. As said before, Cluster 1 becomes the outlier gronp while Cluster 4 changes
its composition: it now includes students with good scores and average speed
which were part of Cluster 1 in subset A. Tt represents a average-achieving stu-
dents” group whose performance, however, does not. reach the top results of cluster
5, neither in speed nor correctness percentage. Their results in MCAS test are

highly variable.
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Figure 4.16 Scatter Matrix and 3D plot with clusters obtained by K-Means on Subset PC'
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4.7 Hierarchical Agglomerative Clustering

In this second analysis, a hierarchical agglomerative clustering algorithm is em-
ploved. This method is called hierarchical because it starts from a situation where
each observation represents a unique cluster, and then the most similar clusters
are aggregated. The process goes on until all of the observations are inclnded in

a single cluster. This process does not include a random initialization. [24]

For this analysis, subset A and snbset PC were used. Tn addition to those, a
subset. SF, which contains all of the selected features except MCAS and practice

level (1_first__responses) was emploved as well.

Five different types of linkage are employved. However, only two of them seem to
provide balanced results: “complete” and “Ward” methods. Tn particular, as it
can be seen from the dendrograms, the “average”™ method gives highly unbalanced
clusters, while the “centrond” method shows inversions, and the *single™ method

suffers from chaining. These phenomena ocenr for each of the subsets.
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Figure 4.17 Dendrograms with different linkages on subset PC. Clusterization with K=6

Three measures are employved in order to assess the model’s goodness, to identify
the optimal munber of c¢lusters, and to choose the most meaningful linkage: sil-

honette index, CH index, and the dissimilarity level at. which groups merge.
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Figure 4.18 Subset PC' Indexes jor Ward and Complete Linkages
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The Ward method always shows more balanced results in terms of clusters’ sizes;

on the other hand, the “complete” linkage seems to isolate significant groups of

ontliers. On the hasis of the purpose of this analysis, which is to divide students

along three dimensions, balanced clusters look like the best choice. Another im-

portant goal might be searching for highly-at-risk students, for which ontlier de-

tection may be the best ronte. Tn view of the above arguments, the “Ward” link-

age method is selected. Subset. SF shows the worst. performance and, therefore, it

is discarded.

Table 4.5 - Statistical Measures for Hierarchical Clustering

Linkage Optimal K Silhouette CH
Ward D (0.298 220.04
Subset, SF
Complete 4 (0.285 202.21
Ward 5 0.315 239.74
Subset PC
Complete 5 0.306 210.73
Ward 6 0.301 281.80)
Subset A
Complete 5 0.279 257.62




Subset PC

From a number of K equal to 10, clusters organize around a central or average

group. As K becomes smaller, these gronps aggregate to each other. By looking

at the evolution of K and the clusters’” variance on MCAS, having 6 groups instead

of 5 seems to provide better resnlts for interpretation. The indexes are higher for

K equal to 5 but they do not show a big difference when K is 6. Tn this second

case, the groups have more or less equal sizes.

Figure /.19 Ward Linkage on Subset PC
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Table 4.6 - Clusters Average Values using Ward Linkage

Competence

Speed

Competence

Subset PC 1 2 3 4 5 6 Total
Size 5l 6av 5l o 1i] H2 76 382
MCAS 134.353 27.104 21.311 31.753 11.750 19421 2719
1_first_ responses AK294 | 365.612 | 186.353 | 319212 | 248.651 | 629724 | 363.2
st ave_ response_tine 24.511 24.231 A7.27% 37780 24,580 18.116 3116
st__prob__lielp 004041 u.207 .11 1.095 i.352 0.330 0204
fr_st__help .06 0.208 U.136 .05 .34 .371 0.213
dev__attewpts -U.467 -0.033 -0.233% U462 U437 0,375 -1.061
dev__tiine_ complete -10.350 | -0.055 25.116 3,710 10.735 | -12.124 2.241
dev__correct 0.2x0 .133 U.1xu 0.260 .00 0.023 U141
dev_fr_comrr .15 .00 0067 .1641 -0.115 -U.136 0.021
dev_ 1 timme -3.747 0. 4587 149.5a% 6.05% 2.851 -101.851 1.%34




Cluster 1 and Cluster 4. These groups contain high-achieving students.
Cluster | shows the highest average score during homework, the lowest. prob-
ability of a help request, and the lowest average number of attempts. Alt-
hongh, Chister | shows the highest values, the results are very similar to the

onme of Cluster 4.

The differences between the two clusters are evident when speed variables are
considered. The former students are generally faster than the latter ones. This
speed difference is reflected in the MCAS variable: Cluster 1 has the highest
MCAS average score, with a limited variance and a minimum value of 27; on
the other hand, Cluster 4 shows an average value almost 10 points behind
Chister 1 and a much higher variance. Although both groups show high cor-
rectness percentages, a small difference in the average response time may be
responsible for more uncertainty about students” final results: in particular,
slower students of Clnster 4 are more likely to perform worse on test day than

faster stndents from the first group.

The two clusters also differ in terms of practice on ASSISTments. Althongh
it. has already been said that this variable may be biaged, this gap may be

part. of the reason why Cluster 4’s pupils are slow on average.

Members of Cluster 1 can be described as excellent students, with high assign-
ment score and high speed: except for some students, they usnally perform

well on the final test.

Cluster 4 also contains well-prepared students, whose results in the final test
are more unpredictable. The variance of their final score could be a conse-

quence of their slower response times, since MCAS is a time-limited test.

Cluster 2. This is the central ¢lnster shown in the PC scatterplot. Tte average
values always fall near the middle of the distributions. The performance on
final test is highly wnpredictable but still rotates around the middle score.
Althongh they are usually faster than the average, these students typically
spend miore time evaluating the problems than high-achieving students, their

score 18 lower and they have a higher probability of asking for help.

This group includes average students, whose performance is neither excellent
nor nnaceeptable. They show signs of motivation since they usually take their
time to solve the problem. However, they may not be prepared enough to

perform well during homework; the fact that they are more likely to access
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help strategies may not be a sign of carelessness but rather lack of command

on the skill being tested.

Cluster 3. Tt is characterized by students with slow response times, typically
more than 15 seconds longer than the school average. This peculiar feature is
also fonmd in other time-related variables. The number of attempts, as well as
the correctness percentage variables, present high variances: therefore, the
cluster includes both high-achieving and average students. This is supported
by the high variance in MCAS, which is by far the highest among all gronps.

The probability of asking for help is gnite moderate.

The speed seems to be correlated with the practice level. Tn fact, this group
shows the lowest level of familiarity with the platform, which may explain
their slow performances. Moreover, the high value could be distorted by the

presence of unidentified outliers.

In conclusgion, this cluster contains slow stndents which cannot be turther
identified with any other peculiar characteristic. In spite of their slowness,

their performance on final test is highly variable.

It includes the lowest-achieving students in the whole school. Tts
perforinance measures are extremely low, and this is reflected on the results
of the final test, whose variable has a very low mean as well as a restricted
variance. Their response time is highly variable but never excessive. Students
may try to answer the questions and solve the problems, but they seem to

lack completely the skills and the knowledge needed to answer correctly.

Their average number of attempts indicates that they lack a good preparation
on the subject that they are tested on. They are also very likely to request
help, and this probability is even higher in first. attempts. They may act out
of carelessness or just becanse they cannot solve the problems: not much can

he said about students’ motivation or carelessness.

However, since this cluster includes both students with extremely fast response
times and very high probability of asking for help, both careless and demoti-
vated students (not well prepared) are included: their attitnde towards the
homework may damage their ultimate performance but still in the first place,
they seem to perform badly. Therefore, the typical feature of this group can

only be described as lack of preparation and knowledge.
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e Cluster 6. It is characterized by very fast responses and overall high speed
in solving the problems. Whether the answer is correct does not seem to be
important to these students, since their average correctness percentage is be-
low the average. They access help on average one third of the times. Their
number of attempts is generally high. Tn spite of their supposed carelessness
{given the average time they take to reflect on a question), some of these
students surprisingly perform well on test day: the group average is higher

than the one of the previous cluster with a maximum of 40 points.

The results of the clustering algorithims show that even those who are identi-
fied as careless students during homework are able to succeed and get high
scores in the final test. Therefore, the analysis seems to fail in accurately di-
viding at-risk students and careless students. This may be due fo the inappro-
priateness of the variables employed, which all regards homework, or the in-

appropriateness of the algorithm.

In both cases, the groups which most could benefit from the gronps identifi-
cation {imprepared and demotivated students) do not yield accurate results.

Therefore, the analysis does not provide major advantages.
Subset A

In comparison to the previous subsetf,

clusters show higher variance in MCAS

SCIHEes. o

The second major difference regards -

clusters’ sizes which are also yimch more

Speed
0
l

unhalanced: first, there is an outlier

-1
I

group in terms of speed (cluster 6),

-2
I

which contain all of the students with

all average response time higher than 1 30 2 A 0 1 2
minnte. Given the size and the high var- Competence
iances that this cluster presents, it is Figure 4.20 Ward linkage on Sub-

daring to say more about these students.

The fact that outliers are isolated may advantage the homogeneity of the other

groups.



Cluster 4 and 5 identify students with extremely low scores in time-related vari-
ables, generally lower than the high-achieving group. However, there are ditfer-
ences between these two relatively careless groups of students. On the one hand,
Cluster 4's results in terms of correctness are undoubtedly better than the ones
of Cluster 5, as well as the number of attempts needed to solve a problem. These
distinctive traits are perhaps reflected on the final test score; which is on average
easier for these students. Cluster 5 may contain not prepared individuals who also

lack self-confidence and motivation.

Other low-achieving students are included in Cluster 3. Unlike Cluster 4’s mem-
bers, students from this group consider the problem throngh and seem to prefer
atternpting the problem on their own instead of asking for a help request, even
though their answers are often wrong, especially in first responses. Despite the
demonstrated effort, their average performance on test day is well below the mid-

dle.

Cluster | represents the average students’ gronp with a tendency of avoiding help
requests. This suggests acceptable levels of self-confidence, together with lack of
carelessness proven hy a moderate average time considering problems.. In conclu-
siom, Cluster 2 represents excellent stndents in terms of correctness, who are also

very fast on average.
4.8 Model Selection

In terms of statistical measnres whose valne does not depend on the number of
features, K-means models perform bhetter than the hierarchical agglomerative

011es.

Moreaver, subset A always yields hetter results subset. PC. The first model uses
the variables that best represents the three aspects that the analysis aims at
investigating {knowledge, speed, motivation). On the other hand, the second
model employs principal components which containg more than 85 % of all of the
information which has been retrieved from students’ log actions during the ex-
ploratory analysis: for the purpose of this study, it is also important to evaluate

the informative value of log-data.

With regard to the interpretation, K-means clustering also shows more robust
results, according to the initial assumptions about students, than hierarchical

clnstering.



In view of these arguments, the non-hierarchical clustering results on subset. A
and subset PC are chosen as the most significant maodels of the analysis. These
models are going to be implemented in the other schools, in order to prove

whether similar groups can be identified.

Table 4.7 - Clustering Methods Comparison

K=6 Method CH Silhouette
K-Means 315.07 1.32%
Subwset A
Ward 2151.50 1.301
K-Means 271.02 0.:335
Subsget PC
Ward 23736606 1.295

4.9 Generalization

I order to prove the validity of the models and their conclusions, it is considered
relevant to employ themn in other contexts. Tt the algorithing correctly identify
actual categories of students, then the same patterns should be evident. in other

samples of the same population.

Generalization is particularly difficult in the social sciences, such as the ednca-
tional field, since there are social and psychological effects which can cause major

discrepancies even within very limited environments.

In this particnlar study, the dataset that has been employed contains data tfrom
different schools located in the same city, thus allowing to control for all of the
tactors that affect stndents’ performance at higher levels. Tn particular, some of
these factors are related to education and are exactly the same for each of the
school of the dataset, such as: syllabus, standardized final test, test evalnation
methods, education system policy. Other such variables are economic or social
factors as: public expenditure in education, town median income, official language,

and mainstream culture.

The reference popnlation is therefore the city’s population of students and the

samples are identified in the schools. Applying the selected models on the other
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samples allows to prove the validity of the model, at least in the limited environ-
ment. of a town. The models will pass the test if similar interpretations can be

given to the clusterization on the other schools.

Before implementing the model, the differences among the reference school and
the other samples are assessed: a two-sample t-test is carried out for each couple
and the p-values state that in each case the samples are significantly different for

almost all of the variables.

Nevertheless, School 4's scatterplot on PC shows a triangular-shaped distribution,
simnilar to the one of School 2. While these two schools have similar distribntions,
School 1 and 3 do not show the same patterns. Given these resnlts, the chosen
models are expected to yield similar clusters when applied on School 4, while the

interpretation for School 1 and 3 is likely to diverge.

It is important. to point ont that School 3 is characterized by a substantial lower
practice level on the ASSTSTments platform than the other schools: this is likely
to bhias the results, especially in terms of speed and time variables. Therefore,
School 2 and School 3 cannot be compared, since most of the variables depend on

the student’s practice level.

Figure 4.21 Scatterplots on PC of Schools
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The validation samples that are used are School 1 and 4. When the models are
applied to these schools’ dataset, the statistical measures indicate that they per-
form well, even though the optimal number of clusters may vary. In order to

compare the models, the nmumber of clusters is arbitrarily set to 6.

Model A does not show the desired results: although students are still divided
along the principal components (even though this model emplovs only three fea-
tures), the clusters hardly follow the pattern traced by the reference school

{School 2). Although the interpretation of these clusters may be interesting, the

S0



purpose of this validation analysis is to assess whether the supposed categories of

students identified in School 2 are recognizable in other samples of the same city.

Figure 4.22 K-Means on different subsets in different schools with K equal to 6
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On the other hand, some similarity in the patterns is more evident when maodel
PC is employed: in each sample, the speed outliers’ group is isolated and the
remaining observation are divided into two average-speed and three high-speed
groups. The likeness is not only visible on PC, but clusters also show similarities
in terms of features’ means and variances. The clusters’ colonrs have been changed
in order to improve readability: when the groups are ordered by the average cor-
rectness percentage, it is clear that the interpretation of clusters from School 4 is

similar to the ones of the reference school.

This is not the case for School 1, in which the outliers in terms of speed are not,
as far from the other groups as in the other schools: in particular, students from
this cluster seem less prepared so that they are also the lowest-achieving gronp in
the final test. However, the clusters on the extremes of the distribution can be

described as their equivalents in School 2.
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Figure 4.28 Scatter Matrixz of Model PC in different schools
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The dataset. that was employed allows to perform another type of generalization
test, which regards the temporal dimension. Until now, all of the observations
were from the 2004-2005 school year: in this second test, the log-actions of School
2's students pertormed in 2006-2006 are employed. The distributions show that
this subset has a tendency towards higher response times and lower speed in
comparison to the previous school year. As a consequence, a distinctive group of
highly slow students cannot be identified, since observations are more nniformly

distributed, and therefore, the snbset looks more similar to School 1.

Neither of the models show the same patterns found in the same school using the
previous year’s data. In the previons analyses, the number of clusters was set.

equal to 6 because one of the clusters would contain the ontliers: sinee in this case

]
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there are no such observations to be found, the models are also evaluated for K

equal to & but, even in this case, the models do not vield the expected results.

Figure /.24 Models A and PC on School 2 in 2005-2006 with K equal to 6 and 5
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As it was expected, the models that were studied on School 2°s stndents are hardly
valid for other schools or in other school vears. Clustering algorithms are not,
predictive models, but rather descriptive, and the results are heavily based on the
single instances that make up the sample. However, an attempt has been made
in order to prove that generalization of these models is not possible. Nevertheless,
School 4 has shown a surprising resemblance to the reference school. The dataset,
does not. contain enongh information about the schools so that it is not possible
to find out what canses the similarity between these two schools. Possible factors
may be a similar approach to the use of the ASSTSTments platform, but also

localization or stndents’ families median income.

Althonugh the results may be different, the chosen models offer useful and readily
nnderstandable information to teachers about their students’ approach towards

problems.



Using these insights abont students can help them improve throughont the school
vear and enhance their probability of snceeeding in the final test. A label can be
assigned to each of these categories so that teachers have an immediate sense of

a stndents’ perforimance in the homework assignments.

However, although there is a slightly positive correlation between assignment per-
formance and final perforiance, categories are not good predictors for stndents’
final test scores, given the high variance each of them has on the MCAS variable.
Therefore, the clusters should not be nsed as such, but rather as the description

of a student’s typical behaviour towards assignments.

Figure /.25 Models A and PC’s clusters against MCAS scores in School 2
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4.10 Conclusions

The analysis about the identification of the clusters has produced different models
that yield different results. The models themselves yield different clusters when
hyperparameters are changed. All clustering algorithms’ resnlss strongly depend
on the data they are implemented on: moreover, the K-Means method needs a
random component for the initialization of the algorithm. Therefore, the models
that have been chosen are bound to change when its parameters or some of the

ohservations vary.

Nevertheless, all of the clustering algorithins anggest that the optimal number of
clusters is close to 6. In addition to that, the attempt at generalizing the results
of the clusterization led to conclude that a similar composition of groups of stu-
dents can be found in schools that are close to the one used to choose the best
models.
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These cluster analvses have not assumed that a priori stndents’™ groups actually
exist, but rather the goal has been to provide teachers with a reliable representa-

tion of their school or class, divided into homogeneons clusters.

Althongh the models that have been created are desceriptive and they are built on
the average results obtained by each student by the end of the year, the most
advantageons purpose of these models is their implementation thronghout a
school year, so that teachers have access to easy-to-understand information and

evidence abont their students’ performance and behaviour.

To prove how these models may work, random students (within a subset. of stu-
dents with high numbers of actions} from school year 2005-2006, which were not
employed in the implementation of the chosen models, are selected. For each of
them, the comulative average of the variables of interest is computed, so as to
have information abont their pathway during the whole year. Then, for each of
their actions, the respective scores on the principal components are predicted: the
variables are not scaled based only their valnes but rather based on the whole
student dataset. Students’ pathwavs are plotted in the PC space: as it can be
seen, each student changes their behaviour thronghout the school year. Tn each
point, the students’ variables depend on the previous actions becanse of the cu-
mulative means. These types of plots provide teachers with an additional tool to

supervise students’ progress.
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Figure 4.26 Random Students’ Pathways

With respect to the madel, model PC with a number of clusters equal to 6 is
chosen: labels are assigned to each of the clusters (“speed outlier”, “helow aver-
2

age”, “demotivated & unprepared”, “above average but slow”, “high-achieving”,

“careless”).
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Figure 4.27 Model PC Labels Model PC
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In order to assign labels to students in each point in time (problems), the K-
Nearest. Neighhonrs method is nsed: the modal category of the subset of the K
subjects that are closer to the new data point is assigned as the label of the point

itself: the number of K neighbonrs is arbitrarily set to 10.

Figure 4.28 Students’ Labelling over Time
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For instance, atter the first few actions, the first student { seems to perform worse
as the year goes by, since its competence level constantly decreases, while its
speed level increases: the label assigned to student 3634 is “demotivated and un-

prepared”, which is consistent, with its final score of just 5 points.

On the other hand, the second student (386) shows an improvement in terms of
response time bnt not in competence. Tts final label is “careless” becanse of its
high speed. This category is characterized by a high wvariance on MCAS: this
student’s tinal score is 22, which is also consistent. with an average results.
Finally, the last student (6455) improves both in competence and speed with
astonishingly high scores on PC variables. Tts category can only be “high-achiev-
ing”, which is most definitely supported by its MCAS score of 51.

Once again, these clustering and visnalization methods prove sheir usefulness in

helping teacher identitying in advance students’ neads and weaknesses.
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