
Learning Analytics for improving educational 
policies and practices: principles and examples 

Tommaso Agasisti
Politecnico di Milano, School of Management

Invited lecture at the V Seminar 
“I dati INVALSI: uno strumento

per la ricerca e la didattica” 
2021, February



Agenda

► Learning Analytics – a definition 
► A reference framework 
► Examples of LA applications 
► The way forward: the Educational Data Scientist
► Research perspectives  
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A definition

Back to the first LAK conference (2011)
► LA is the measurement, collection, analysis and reporting of data 

about learners and their contexts, for purposes of understanding and 
optimising learning and the environments in which it occurs

T. Agasisti
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Descriptive Analytics – insights into the past

Diagnostic Analytics – why did it happen 

Predictive Analytics – understanding the future

Prescriptive Analytics – advice on possible outcomes 



A reference framework (i)

Understanding the “educational productive process”

The statistical and econometric toolbox
► Educational Production Function (EPF)

►Students’ results as function of several factors – individual, school 
(teachers) and context

►Assumptions: known functional form 

► LA aims at “opening the black box” by investigating more profoundly 
the relationships between the independent variables (influencing 
factors) and the dependent variable (students’ results) 
►Relaxing the assumptions about the functional form 

T. Agasisti
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A reference framework (ii)

Three major trends are opening new ways for improving (enlarging) our 
understanding of the educational process 

T. Agasisti
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Big data Artificial intelligence 
and machine learning

Digital learning and 
digital traces

Updated, complete and 
integrated datasets about 
students and their 
characteristics 

Use of (new) algorithms 
based on machine 
learning approaches 

More data available 
through the traces left by 
students in their 
interactions with LMSs



A reference framework (iii)

A new paradigm 
► beyond the dichotomy between evaluation studies and data mining

T. Agasisti
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Theory Data analysis Validation

Data available Data analysis Theory / Validation



Learning Analytics applications (i)

Research questions, data and methods – several applications

► School/family communication through a Learning Management 
System (LMS)

► Predicting students’ grades and/or dropout 
► Using log-files for understanding learning behaviors and their impacts 

on academic results 
► Understanding how various school/individual factors interact each 

others in affecting educational results   

T. Agasisti
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Learning Analytics applications (ii)

[1] School/family communication through a Learning Management 
System (LMS)

► Can the use of LMS for school/family communication be improved? 
►And is the use of LMS associated with better results? 
►And is there hetereogeneity across families’ types? 

T. Agasisti
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Nudging Technology Use: Descriptive and Experimental Evidence
from School Information Systems⇤

Peter Bergman†

As schools are making significant investments in education technologies it is important
to assess whether various products are adopted by their end users and whether they are
e↵ective as used. This paper studies the adoption and ability to promote usage of one type
of technology that is increasingly ubiquitous: school-to-parent communication technologies.
Analyzing usage data from a Learning Management System across several hundred schools
and then conducting a two-stage experiment across 59 schools to nudge the use of this tech-
nology by families, I find that 57% of families ever use it and adoption correlates strongly
with measures of income and student achievement. While a simple nudge increases usage and
modestly improves student achievement, without more significant intervention to encourage
usage by disadvantaged families, these technologies may exacerbate gaps in information ac-
cess across income and performance levels.

⇤I thank Josefa Aguirre, Eric Chan and Susha Roy for excellent research assistance. I
am particularly grateful to the Seminar for the Study of Development strategies and Abhit
Bhandari and Kolby Hanson for thoughtfully replicating this paper and providing comments.
I also thank George Bulman, Sue Dynarski, Jay Greene, Macartan Humphreys, Scott Imber-
man, Brian Jacob, Isaac McFarlin, Richard Murphy, Kevin Stange, and seminar participants
at the University of Arkansas, the University of Michigan and the University of Connecticut
for their comments and suggestions. All errors are my own.

†Teachers College, Columbia University, 525 W. 120th Street New York, New York 10027
E-mail: bergman@tc.columbia.edu Website: www.columbia.edu/~psb2101



Learning Analytics applications (iii)

[1] School/family communication through a Learning Management 
System (LMS)
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Figure 4: Correlation between Parent-Portal Logins and Student Grades
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This figure shows the grade-point averages associated with di↵erent levels of portal usage relative. This figure is constructed using
data from the Learning Management System. Logins above 200 are grouped into a single category.
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Figure 5: Usage: Treatment v. Control
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This figure shows the treatment e↵ect on the number of times families logged in per month over the course of the school year
(SY). The vertical red line indicates when the treatment began. The e↵ects are marginal e↵ects at mean usage from the negative-
binomial regression described in the text with usage for each month as the outcome. 95% confidence intervals shown. Data come
from the LMS company.
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LEFT 
Number of logins not correlated with academic 
grades (>25)

RIGHT
The information intervention can increase the 
number of logins 



Learning Analytics applications (iv)

[2] Predicting students’ grades and/or dropout

► How precisely can we predict if students will dropout, using data 
analytics techniques? 
►Dynamic data (i.e. before/after semesters 1 and 2)

T. Agasisti
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The data revolution comes to higher 
education: Identifying students at risk of 
dropout in Chile

Enrollment in higher education has risen dramatically in Latin America, especially in Chile. Yet 
graduation and persistence rates remain low. One way to improve graduation and persistence is to 
use data and analytics to identify students at risk of dropout, target interventions, and evaluate 
interventions’ effectiveness at improving student success. We illustrate the potential of this 
approach using data from eight Chilean universities. Results show that data available at 
matriculation are only weakly predictive of persistence, while prediction improves dramatically 
once data on university grades become available. Some predictors of persistence are under policy 
control. Financial aid predicts higher persistence, and being denied a first-choice major predicts 
lower persistence. Student success programs are ineffective at some universities; they are more 
effective at others, but when effective they often fail to target the highest risk students. Universities 
should use data regularly and systematically to identify high-risk students, target them with 
interventions, and evaluate those interventions’ effectiveness.

Suggested citation: von Hippel, Paul T., and Alvaro Hofflinger . (2020). The data revolution comes to higher 
education: Identifying students at risk of dropout in Chile. (EdWorkingPaper: 20-249). Retrieved from 
Annenberg Institute at Brown University: https://doi.org/10.26300/2qfx-tq33

VERSION: July 2020

EdWorkingPaper No. 20-249

Paul T. von Hippel
University of Texas, Austin

Alvaro Hofflinger
Universidad de la Frontera



Learning Analytics applications (v)

[2] Predicting students’ grades and/or dropout
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21 
 

 

Figure 2. Lift curves for 2017 cohort in university 1. The diagonal reference line represents random predictions, 

Adding data about 
current performances, 
the ability of predicting 
dropout increases 
dramatically



Learning Analytics applications (vi)

[3] Using log-files for understanding learning behaviors and their impacts 
on academic results

► Identifying different student profiles (latent classes) through the way 
they solve complex problems (enabled by log-files)
►How students in different profiles perform on problem-solving tests 

T. Agasisti
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psychometrika—vol. 85, no. 2, 469–501
June 2020
https://doi.org/10.1007/s11336-020-09709-2

STUDENTS’ COMPLEX PROBLEM SOLVING PROFILES

Michela Gnaldi

UNIVERSITY OF PERUGIA

Silvia Bacci

UNIVERSITY OF FLORENCE

Thiemo Kunze and Samuel Greiff

UNIVERSITY OF LUXEMBOURG

Complex problem solving (CPS) is an up-and-coming twenty-first century skill that requires test-
takers to solve dynamically changing problems, often assessed using computer-based tests. The log data
that users produce when interacting with a computer-based test provide valuable information about each
individual behavioral action they undertake, but such data are rather difficult to handle from a statistical
point of view. This paper addresses this issue by building upon recent research focused on decoding log
data and aims to identify homogeneous student profiles with regard to their ability to solve CPS tasks.
Therefore, we estimated a discrete two-tier item response theory model, which allowed us to profile units
(i.e., students) while taking into account the multidimensionality of the data and the explanatory effect
of individual characteristics. The results indicate that: (1) CPS can be thought of as a three-dimensional
latent variable; (2) there are ten latent classes of students with homogenous profiles regarding the CPS
dimensions; (3) students in the higher latent classes generally demonstrate higher cognitive and non-
cognitive performances; (4) some of the latent classes seem to profit from learning-by-doing within tasks,
whereas others seem to exhibit the reverse behavior; (5) cognitive and non-cognitive skills, as well as
gender and to some extent age, contribute to distinguishing among the latent classes.

Keywords: log data, complex problemsolving, discrete two-tier item response theory (IRT)model, profiles
of students.

1. Introduction

Handling complexity is an important skill, and fostering and assessing it are considered key
targets for education in the twenty-first century (National Research Council 2012). Complex
problem solving (CPS) can be seen as one such skill involving the handling of complexity (e.g.,
OECD 2014), because it encompasses successfully interacting with problems that dynamically
change over time (Buchner 1995).

From an assessment perspective, CPS is measured with computer-based tests (e.g., Danner et
al. 2011;Wüstenberg et al. 2012). This makes it possible to not only record final CPS performance
scores but also store information about the problemsolvingprocess in logfiles,which consequently
include fine-grained data on every single behavioral action, such as mouse clicks. These pieces of
information can be used for research purposes, but also have the potential to provide researchers,
teachers, and policymakers with important insights about students’ proficiency levels and how to
support them in optimizing their cognitive potential (OECD 2014).

Correspondence should be made to Silvia Bacci, Department of Statistics, Computer Science, Applications “G.
Parenti”, University of Florence, Viale Morgagni 59, 50134 Firenze, Italy. Email: silvia.bacci@unifi.it

469
© 2020 The Psychometric Society



Learning Analytics applications (vii)

[3] Using log-files for understanding learning behaviors and their impacts 
on academic results

T. Agasisti

13
484 PSYCHOMETRIKA

estimated support points

la
te

nt
 v

ar
ia

bl
es

U
i1

U
i2

U
i3

2.36 1.58 1.05 0.59 0.05 0.31 0.64 1.01 1.44 1.88

hU= 1 hU= 2 hU= 3 hU= 4, 5, 6, 7, 8, 9 hU= 10

hU= 1 hU= 3, 4, 2 hU= 7, 5 hU= 6, 8, 9 hU= 10

hU= 3 hU= 1, 5, 4 hU= 2, 8, 7 hU= 6, 10, 9

Figure 3.
Estimated standardized class-specific support points (x-axis), by latent variable (y-axis)

Figure 4.
Estimated standardized support points (y-axis) for each latent variable (x-axis), by latent classes

Overall, this analysis allowed us to characterize test-taker profileswith respect to the strategies
adopted when completing the CPS test. In this respect, Fig. 4 clearly demonstrated that latent
classes 9 and 10 cluster top learners and performers; conversely, classes 1, 2, and 3 encompass
below average explorers, learners, and performers.

In class 1, free exploration of the problem is weak (estimated standardized support point for
exploration equals!1.584) and students’ ability to retrieve information seems to be limited (esti-
mated standardized support point for knowledge acquisition equals !2.024). However, students
in this profile achieve better than expected results in knowledge application. Compared to class 1,
latent class 2 groups students whose ability to explore the problem is still rather weak. However,
their performance improves across CPS dimensions within a task, thus achieving higher than
expected results in knowledge acquisition (estimated standardized support point for knowledge
acquisition equals !0.479) and slightly higher than average performance in knowledge applica-
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maximum point was checked by randomly varying the starting values of the estimation algorithm.
The model fit was slightly worse in the continuous case (BIC = 59335.13) than in the discrete
case (BIC = 58992.47).

In Fig. 6, we show how individual scores on the three CPS dimensions estimated with the
continuous model are distributed across the ten latent classes detected with the discrete model
and ordered in the plots according to the corresponding support points.

Based on Fig. 6, we deduce substantial agreement for all three CPS dimensions in the average
trend of estimated scores with respect to the allocation of students in the latent classes. Indeed,
students with low scores tend to be allocated in the lowest latent classes, while the opposite is
true for individuals with high scores. Also, the correlations between pairs of continuous latent
variables (Table 9) are in line with those resulting from the discrete model (compare with Table
3).
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Figure 6.
Box plots of individual scores estimated under the continuous two-tier model (y-axis) versus latent classes ordered
according to the values of the associated support points (x-axis), for explorationUi1 (top left), knowledge acquisitionUi2
(top right), knowledge application Ui3 (bottom)

Table 9.
Estimated correlation between exploration (Ui1), knowledge acquisition (Ui2), and knowledge application (Ui3), under
the continuous two-tier model

Ui1 Ui2 Ui3

Ui1 1.000 0.797 0.542
Ui2 0.797 1.000 0.577
Ui3 0.542 0.577 1.000

LEFT 
Identifying the different 
clusters of students 

RIGHT
Distribution of students’ 
scores in the three areas 
of competences  



Learning Analytics applications (viii)

[4] Understanding how various school/individual factors interact each 
others in affecting educational results

► Estimating school value-added – then understanding factors that are 
associated with higher/lower school VA 
►Considering (i) non linearities and (ii) joint effects of more variables 

T. Agasisti
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a  b  s  t  r  a  c  t  

In  this  paper,  we  develop  and  apply  novel  machine  learning  and  statistical  methods  to  analyse  the  de-  
terminants  of  students’  PISA  2015  test  scores  in  nine  countries:  Australia,  Canada,  France,  Germany,  Italy,  
Japan,  Spain,  UK  and  USA.  The  aim  is  to  find  out  which  student  characteristics  are  associated  with  test  
scores  and  which  school  characteristics  are  associated  to  school  value-added  (measured  at  school  level).  
A  specific  aim  of  our  approach  is  to  explore  non-linearities  in  the  associations  between  covariates  and  
test  scores,  as  well  as  to  model  interactions  between  school-level  factors  in  affecting  results.  In  order  
to  address  these  issues,  we  apply  a  two-stage  methodology  using  flexible  tree-based  methods.  We  first  
run  multilevel  regression  trees  in  the  first  stage,  to  estimate  school  value-added.  In  the  second  stage,  
we  relate  the  estimated  school  value-added  to  school  level  variables  by  means  of  regression  trees  and  
boosting.  Results  show  that  while  several  student  and  school  level  characteristics  are  significantly  associ-  
ated  to  students’  achievements,  there  are  marked  differences  across  countries.  The  proposed  approach  
allows  an  improved  description  of  the  structurally  different  educational  production  functions  across  
countries.  

© 2018 Elsevier B.V. All rights reserved.  

1.  Introduction  

The  educational  activity  involves  a  complex  process  whereby  

inputs  (such  as  human  and  financial  resources)  are  converted  into  

outputs.  By  analogy  with  the  type  of  production  function  that  is  

typically  used  to  analyse  the  technology  of  a  firm,  the  labour  and  

capital  inputs  used  by  a  school  are  likely  to  influence  its  output.  

But,  since  students  themselves  form  both  an  input  and  output,  and  

since  they  themselves  are  transformed  by  the  experience  of  edu-  

cation,  such  a  simple  framework  fails  adequately  to  capture  some  

key  salient  features  of  the  process.  This  is  a  very  well-known  chal-  

lenge  in  the  existent  literature  about  Educational  Production  Func-  

tion  (EPF).  Indeed,  the  learning  process  of  students  is  influenced  by  

students’  own  characteristics,  those  of  their  family,  their  peers,  the  

neighbourhood  in  which  they  live,  as  well  as  by  the  characteristics  

of  the  school  that  they  are  attending.  Moreover,  the  way  in  which  

various  inputs  (at  different  levels)  affect  output  is  likely  to  vary  

substantially  across  the  educational  systems  that  operate  in  differ-  

ent  countries.  A  common  characteristic  of  all  educational  systems  

! Corresponding  author.  
E-mail  addresses:  chiara.masci@polimi.it  (C.  Masci),  g.johnes@lancaster.ac.uk  

(G.  Johnes),  tommaso.agasisti@polimi.it  (T.  Agasisti).  

is  the  hierarchical  structure  in  which  students  are  nested  within  

classes,  that  are  nested  within  schools,  that  are  in  turn  nested  

within  cities  and  so  forth.  Establishing  the  structure  of  such  a  hi-  

erarchy  is  a  non-trivial  exercise,  not  least  because  this  structure  

may  be  different  across  countries.  Exploring  international  datasets  

which  contain  information  about  students’  performance  in  more  

countries  can  be  a  rational  approach  to  understand  how  the  differ-  

ences  among  educational  systems  can  have  an  impact  on  students’  

results,  all  else  equal  (see  Hanushek  &  Woessmann,  2010  ).  

The  Programme  for  International  Student  Assessment  (PISA)  is  

a  triennial  international  survey  (started  in  20  0  0)  which  aims  to  

evaluate  education  systems  worldwide  by  testing  the  skills  and  

knowledge  of  15-year-old  students.  In  2015  over  half  a  million  stu-  

dents,  representing  28  million  15-year-olds  in  72  countries  and  

economies,  took  the  internationally  agreed  two-hour  test.  Stu-  

dents  were  assessed  in  science,  mathematics,  reading,  collabora-  

tive  problem  solving  and  financial  literacy.  Moreover,  a  wide  array  

of  data  concerning  a  set  of  student  and  school  levels  characteristics  

are  available,  thanks  to  questionnaires  completed  by  students  and  

school  principals.  

Our  aim  in  this  paper  is  to  identify  which  are  the  stu-  

dent  and  school  level  characteristics  that  are  related  to  students’  

achievement,  with  the  aim  of  investigating  the  impact  of  these  

https://doi.org/10.1016/j.ejor.2018.02.031  
0377-2217/© 2018 Elsevier B.V. All rights reserved.  

Please  cite  this  article  as:  C.  Masci  et  al.,  Student  and  school  performance  across  countries:  A  machine  learning  approach,  European  

Journal of Operational Research (2018), https://doi.org/10.1016/j.ejor.2018.02.031  



Learning Analytics applications (ix)

[4] Understanding how various school/individual factors interact each 
others in affecting educational results – examples 
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15

12  C.  Masci  et  al.  /  European  Journal  of  Operational  Research  0  0  0  (2018)  1–14  

ARTICLE  IN  PRESS  
JID:  EOR  [m5G;  March  6,  2018;11:48  ]  

Fig.  6.  Joint  partial  plot  of  the  most  important  school  level  variables  in  association  with  school  value-added,  in  Australia.  Notes:  1.  Colors  represent  the  scale  of  the  values  
of  the  response  (school  value-added).  2.  The  selection  of  variables  is  based  on  the  group  of  the  variables  that  turn  out  to  be  significant  in  previous  steps.  

most  significant  variables  within  each  country  (  Fig.  6  ).  6  Again,  the  

choice  of  the  variables  to  be  included  in  the  graphical  illustration  

is  based  on  the  variables  that,  in  the  different  countries,  turned  

out  to  be  most  important  in  affecting  the  estimated  schools’  value-  

added.  

In  several  countries,  the  impact  on  outcomes  of  the  joint  as-  

sociation  between  the  proportion  of  disadvantaged  students  and  

school  size  is  of  interest.  From  Australia  and  USA  panels,  we  know  

that  in  most  countries  larger  schools  perform  better  than  smaller  

ones  and  schools  with  a  high  proportion  of  disadvantaged  students  

perform  less  successfully  than  others.  The  extent  to  which  differ-  

ences  in  school  size  affect  outcomes  depends  critically  on  how  

high  is  the  proportion  of  disadvantaged  students,  however.  In  Italy  

and  Spain,  the  proportion  of  disadvantaged  students  seems  to  have  

a  clear  negative  impact  even  in  the  big  schools,  while  small  schools  

with  a  low  proportion  of  disadvantaged  students  are  not  associated  

with  negative  effect  on  value-added.  In  UK  and  USA,  the  interac-  

tion  is  much  weaker  in  the  sense  that  the  high  proportion  of  dis-  

advantaged  students  has  a  negative  impact,  almost  independently  

from  the  school  size.  The  difference  between  these  two  countries  

is  that  while  in  UK  the  threshold  value  of  proportion  of  disadvan-  

taged  students  to  have  a  negative  impact  on  the  response  is  about  

20/30%,  in  the  USA  is  much  higher,  around  70/80%.  

Interaction  between  two  variables  about  the  students’  socioe-  

conomic  composition  – namely  the  proportion  of  socioeconomi-  

cally  disadvantaged  students  and  proportion  of  students  with  spe-  

cial  needs  -  is  also  interesting  and  instructive.  In  France,  schools  

in  which  both  percentages  are  low  perform  better  than  the  aver-  

age  while  schools  where  both  percentages  are  high  perform  worse.  

However,  schools  with  a  high  proportion  of  disadvantaged  stu-  

dents  nevertheless  manage  average  performance  if  they  have  a  

very  small  proportion  of  students  with  special  needs  (and  vice  

versa  ).  In  Germany  and  Italy,  schools  with  a  low  proportion  of  dis-  

advantaged  students  perform  better  than  the  average  and  the  in-  

creasing  proportion  of  students  with  special  needs  does  not  affect  

this  performance.  On  the  contrary,  schools  with  a  high  proportion  

of  disadvantaged  students  perform  worse  than  the  average  and  the  

increasing  proportion  of  students  with  special  needs  worsens  the  

6  We  only  report  here  the  figure  for  Australia,  while  the  figures  for  other  coun-  
tries  are  reported  in  Appendix  in  Fig.  10.  

results  even  more.  In  UK,  the  increase  in  both  proportions  con-  

tributes  to  lower  school  value-added  in  an  almost  symmetric  way.  

Truancy  is  another  variable  whose  interaction  with  school  size  

and  school  body  composition  is  worthy  of  investigation.  “Truancy”
is  defined  by  OECD  as  the  propensity  for  students  to  skip  classes  

without  justification.  In  Japan,  truancy  is  associated  with  very  low  

school  value-added  only  when  considering  small  schools,  while,  

even  if  it  has  again  a  negative  impact,  we  still  have  positive  school  

value-added  in  big  schools  with  high  students  truancy.  In  USA,  

schools  with  low  levels  of  truancy  perform  better  than  the  aver-  

age  while  schools  with  high  truancy  rates  perform  worse  than  the  

average,  but  there  is  an  important  interaction  with  school  size  –
truancy  has  a  more  negative  association  to  test  scores  in  smaller  

rather  than  in  larger  schools.  In  Australia  and  in  Canada,  the  in-  

teraction  between  students  truancy  and  proportion  of  disadvan-  

taged  students  is  similar:  schools  with  both  high  (low)  truancy  

and  high  (low)  proportion  of  disadvantaged  students  are  associ-  

ated  with  negative  (positive)  school  value-added.  But,  schools  with  

high  truancy  rates  and  a  low  proportion  of  disadvantaged  students  

(and  vice  versa  ),  are  still  able  to  achieve  average  performance.  

In  Australia  and  Japan,  truancy  and  percentage  of  funds  given  

by  the  government  are  very  important  variables  but  they  inter-  

act  in  an  heterogeneous  way  to  affect  schools’  performance.  In  

Australia,  schools  with  both  high  (low)  students  truancy  and  high  

(low)  percentage  of  funds  given  by  the  government  are  associated  

with  negative  (positive)  effects  on  school  value-added,  but,  in  all  

the  other  cases,  this  relationship  does  not  hold.  Instead  in  Japan,  

schools  with  low  (high)  students  truancy  perform  worse  (better)  

than  the  average,  almost  independently  from  the  percentage  of  

funds  given  by  the  government.  

The  last  interaction  that  deserves  attention  is  the  one  between  

school  size  and  percentage  of  parents  participating  in  school  gov-  

ernance  in  Spain:  the  size  of  the  school  is  associated  with  positive  

school  value-added,  but  only  if  parents  actively  participate  at  the  

school  government  and  are  interested  in  their  children’s  education.  

The  visualization  of  joint  partial  plots  to  characterize  the  

determinants  of  schools’  value-added  proves  to  be  a  powerful  

tool  for  analysts  and  decision  makers.  Indeed,  these  figures  pro-  

vide  an  immediate  sense  of  which  are  the  variables  with  more  

or  less  influence  on  schools’  value-added,  while  simultaneously  

providing  information  covering  the  whole  distribution  of  the  
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Fig.  5.  Partial  plot  of  the  four  most  important  school  level  variables  in  the  association  with  school  value-added,  in  Australia.  Note:  the  selection  of  the  four  most  significant  
variables  is  taken  from  Fig.  4  and  the  explanation  of  each  school  level  covariate  is  given  in  Table  2  .  

are  associated  to  lower  school  value-added.  Again,  there  is  a  gap  

in  the  response  value  when  the  covariate  ranges  between  0  and  

20%.  The  number  of  schools  with  more  than  20%  of  students  with  

special  needs  is  small,  but  still  we  have  observations  in  this  range  

that  do  not  differ  in  their  impact  on  the  response.  

Another  recurrent  important  variable  is  the  one  measuring  the  

students  truancy.  Students  truancy  is  an  indicator  about  how  much  

students  take  seriously  their  presence  at  school  and  therefore,  their  

education.  In  Australia,  Canada,  Japan  and  USA  it  is  one  of  the  four  

most  important  variables.  Schools  with  higher  proportion  of  stu-  

dents  that  tend  to  skip  school  days  are  associated  to  lower  school  

value-added,  in  a  quite  intuitive  way,  with  strong  effects  after  a  

threshold  when  the  number  of  days  skipped  is  >  2.5.  

The  percentage  of  funds  given  to  the  school  from  the  govern-  

ment  is  a  key  determinant  of  schools’  effectiveness  in  both  Aus-  

tralia  and  Japan.  In  Australia,  the  trend  is  very  well  defined:  when  

the  percentage  of  funds  given  by  the  government  increases,  the  

school  value-added  decreases.  From  the  literature  (see  Marginson,  

1993  and  Anderson,  1993  ),  we  know  that  in  Australia,  private  

schools,  which  receive  less  funds  from  the  government  respect  to  

public  schools,  are  more  likely  to  perform  better  than  public  ones  

and  therefore  these  two  aspects  are  probably  strongly  connected.  

Even  if  a  dummy  variable  for  public/private  schools  is  considered,  

the  percentage  of  funds  given  by  the  government  still  reflects  some  

of  the  public/private  heterogeneities  and  it  is  actually  able  to  catch  

more  variability  in  the  response  than  the  dummy  variable.  Also  in  

Japan  the  partial  effect  of  the  percentage  of  funds  given  by  the  gov-  

ernment  on  the  school  value-added  is  related  to  the  difference  be-  

tween  private  and  public  schools.  In  Japan,  contrary  to  Australia,  

PISA2015  data  indicate  that  private  schools  have,  on  average,  lower  

performance  when  compared  with  public  schools.  Moreover,  pri-  

vate  schools  usually  receive  about  40/50%  of  their  funds  from  the  

government.  The  trend  of  the  impact  of  the  covariate  on  the  re-  

sponse  is  less  clear  than  the  one  in  Australia.  

Lastly,  in  Canada  and  in  Italy  the  percentage  of  parents  

speaking  with  teachers  or  participating  in  school  governance  are  

important.  An  increase  in  cofactor  values  is  positively  associated  

with  the  school  value-added:  schools  in  which  parents  are  actively  

interested  in  their  children’s  education  experience  more  favourable  

outcomes  than  do  others.  Likewise,  in  Spain  the  percentage  of  par-  

ents  participating  in  school  governance,  when  in  the  range  from  0  

to  50%,  has  a  positive  effect  on  outcomes.  

The  last  variable  that  appears  in  the  four  most  important  vari-  

ables  of  France,  Germany,  Japan  and  UK  is  the  number  of  comput-  

ers  per  student  (“ratio  comp  /  stud”).  This  covariate  has  a  coun-  

terintuitive  association  with  school  value-added.  In  Japan  and  UK  

(see  Japan  and  UK  panels  in  Fig.  9  in  Appendix),  an  increase  

of  number  of  computers  per  student  is  associated  with  a  de-  

crease  in  school  value-added.  In  Germany  (see  Germany  panel  in  

Fig.  9  in  Appendix),  there  is  a  peak  around  0.4  and  a  trough  

around  0.6.  Lastly,  in  France  (see  France  panel  in  Fig.  9  in  Ap-  

pendix),  the  highest  value-added  corresponds  to  zero  computers,  

but  there  is  a  peak  around  1,  maybe  suggesting  that  one  com-  

puter  per  person  is  the  right  balance.  A  possible  interpretation  of  

these  trends  is  that  too  many  computers  (more  than  one  per  per-  

son)  may  be  sign  of  ine!cient  management  of  school  funds.  Al-  

ternatively  it  might  be  the  case  that  national  policies  have  con-  

centrated  the  IT  facilities  in  less  advantaged  schools  with  lower  

test  scores  – in  this  case,  the  statistical  relationship  would  be  

biased.  

5.2.2.  Describing  the  impact  of  joint  variables  on  schools’  value-added  

Up  to  this  point,  we  have  investigated  the  partial  effect  of  pre-  

dictors  one  by  one,  on  a  ceteris  paribus  basis.  But  one  of  the  main  

strengths  of  the  regression  tree  approach  is  that  it  allows  consid-  

eration  of  circumstances  in  which  more  than  one  cofactor  changes  

simultaneously,  so  affecting  simultaneously  the  dependent  variable  

(in  our  case,  school  value-added).  We  now  turn,  therefore,  to  fo-  

cus  on  the  visualization  of  the  joint  effect  of  two  predictors  on  the  

response,  and  in  so  doing  investigate  the  interaction  effect  of  the  
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9. Data analytics and decision making in education: 
towards the educational data scientist as a key 
actor in schools and higher education institutions
Tommaso Agasisti and Alex J. Bowers

1.  SETTING THE STAGE: DEFINING DATA MINING, 
LEARNING ANALYTICS AND ACADEMIC ANALYTICS IN 
THE EDUCATIONAL FIELD

The use of data for decision making in educational institutions is neither a new topic 
nor an unknown practice. Indeed, since a growing awareness dating back to the 1990s, 
school principals, teachers, parents, stakeholders and policymakers started looking at 
quantitative data as an indispensable source for making decisions, formulating diagnoses 
about strengths and weaknesses of institutions and assessing the effects of initiatives and 
policies and so on. (Bowers, 2008; Mandinach et al., 2008; Wayman, 2005; Wayman et 
al., 2004). The diffusion of organizations and initiatives such as Education for the Future 
(http://eff.csuchico.edu) in the USA, or the DELECA – Developing Leadership Capacity 
for data-informed school improvement project (http://www.deleca.org) in Europe, give 
testimony to a growing attention to the clever, intensive and informed use of data for 
improving schools’ activities and results. The commitment to engage with a stronger use 
of data became quite widespread across schools, sustained by the evidence that “the use 
of data can make an enormous difference in school reform efforts, by helping schools see 
how to improve school processes and student learning” (Bernhardt, 2004; p. 3). On policy 
grounds, the movement for adopting more evidence-based educational policies and prac-
tices (Davies, 1999; Slavin, 2002) stems from the use of high quality, originally developed 
data about academic results obtained through specific initiatives. The current debate of 
the present chapter is focused on the potential of so-called “big data” to transform educa-
tion (Daniel, 2015; Cope and Kalantzis, 2016), as it is rapidly doing in several aspects of 
social life (Gandomi and Haider, 2015; Schutt and O’Neil, 2013).

Recently, one of the first developed areas of research that has worked to systemati-
cally use the power of quantitative analyses in the field of education has been the field of 
Educational Data Mining (EDM) (Baker and Yacef, 2009; Koedinger et al., 2015). The 
baseline idea was quite simple in origin: applying the techniques, methods and approaches 
of Data Mining and Business Intelligence to another sector, after having experimented 
with it in business, health care, genetics and so on. In this sense, EDM “seeks to use data 
repositories to better understand learners and learning and to develop computational 
approaches that combine data and theory to transform practice to benefit learners” 
(Romero and Ventura, 2010, p. 601). In such a perspective, the first aim of an analyst 
who wants to apply data mining to education is to collect raw data about the educational 
activities and processes (at individual, organizational and the system level) that have no 
sense if  read without a theoretical background as a lens (Bowers et al., 2016). Such an 
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The key role of the EDS 
► Connecting three worlds, committed for school improvement
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Educational Data Scientist (iii)

The identikit – skill set 

T. Agasisti

18

But this is not (only) a researcher 
– the implications for school 
improvement!
► Practicing administrator
► Quantitative analyst 
► Research specialist
► System-level data scientist

Investing in developing these 
professionals – at school and 
system-level



Research perspectives

Learning loss
► Factors associated with learning loss (modelling the educational 

production function) together with the use of digital platforms

The effectiveness of digital learning
► Is the effectiveness of DL dependent upon the specific use of 

technology? Using digital traces for exploring patterns of SW use by 
the students (i.e. learning strategies)

The impact of remedial education
► Assessing alternative interventions for supporting students adaptively 

(for instance, concentrating energies on at-risk students) 

T. Agasisti
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Thanks for your attention!

_____
Contact 
Prof. Tommaso Agasisti
Politecnico di Milano School of Management 
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