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Proposal 

Title: BIG (AND SMALL) DATA MEETS QUALITY ASSURANCE 

Abstract: 

Evidence, both quantitative and qualitative, is at the core of every assessment process. New 
technology has given us an unprecedented opportunity to tackle both structured and 
unstructured data, yet barriers remain that restrict our ability to take advantage of this scenario. 
As a result, data often falls short of triggering change. One reason for this is the over-
abundance of information. In this paper, we present and discuss a case study for the 
assessment of research and teaching quality in university departments. The study illustrates 
how AQU Catalunya is changing the way it presents quantitative data, benchmarking clusters 
of indicators to foster debate about the results. Finally, we look to the future, discussing what 
resources will be required if we wish to explore every opportunity the new data era can offer 
to quality assurance. 

Text of paper: 

1. Data and quality assurance: love at first sight 

In the nineties, the Dutch model of quality assessment (Vroeijenstijn, 1994; Westerheijden, 
1996) became a clear reference for emerging models across continental Europe. Within this 



 
 
model, the quality assessment “spiral” (Westerheijden, 1996: 274) is a circular and cyclical 
process which begins with collecting and systematizing information relating to the unit to be 
assessed (i.e., programme or institution). This information comprises statistics, data 
management outcomes, and indicators on the inputs, processes and results of the studied unit 
through which to build a diagnosis of its strengths and weaknesses (Rodríguez, 2013:101).  

The collection of evidence is also at the core of Standard 1.7, on information management, in 
the European Standards and Guidelines (ESG, 2015), which states: “Institutions should ensure 
that they collect, analyse and use relevant information for the effective management of their 
programmes and other activities”. Indeed, one of the more significant and lasting impacts of 
the quality assessment movement has been the development of information systems capable 
of providing the evidence required for the different external quality assessment procedures.  

Jeliazkova & Westerheijden (2001) stress that the ultimate goal of all quality policies is to foster 
“quality awareness” or a “quality culture” within higher education institutions (HEI) (2001), and 
it is difficult to imagine a quality culture that is not data-driven. “Data-driven decision making” 
can be defined as the use of data analysis to inform courses of action involving policy and 
procedures (Arnold & Pistilli, 2012:1), inherent to which is the development of reliable and 
timely information resources to collect, sort and analyse the data used in the decision-making 
process. 

Corporations have long used data about consumers and their habits to determine marketing 
strategies, guide product development and predict sales on the basis of current buying habits. 
This practice is referred to as “business analytics”, which can be defined as the iterative, 
methodological exploration of an organization’s data with emphasis on statistical analysis. It is 
used by companies committed to data-driven decision-making (Rouse, 2010; cited by Pistilli 
et al., 2014).  

Using data to drive decision-making processes is not new in higher education. Colleges and 
universities have begun to use data to better understand and begin to address areas such as 
student success, retention and graduation rates, course offerings, financial decisions, hiring 
and staffing needs, or admissions models of admits, yield, and matriculation (Pistilli et all 2014). 
Goldstein & Kats (2005) coined the term “academic analytics”, arguing that “business 
intelligence” was born in the private sector and that the concept of intelligence – competitive 
or otherwise – felt wrong in the context of the academy (2005:8). As in business analytics, in 
academic analytics it is crucial for data to be “actionable”, meaning that it must be converted 
into actionable insights that flag up issues and areas of concern and inform the necessary 
responses to plan for the future, what Arnold & Pistilli call “actionable intelligence” (2012). 

Several HEIs have already harnessed big data to improve their efficiency. Course Signals at 
Purdue, for example, is a renowned program that uses learning analytics to increase student 
success (Arnold & Pistilli, 2012). Elsewhere, Cutter Consortium has developed an ambitious 
technology solution that uses big data analytics to obtain real-time feedback from students, 
enabling universities to improve classroom scheduling and building utilization through student 
retention or course recommendations (Kellen et al., 2013).  

 

Data is necessary but not sufficient 

According to Kellen et al. (2013): “Higher education is at the cusp of gathering an 
unprecedented amount of information using affordable tools and techniques.” Technology, 
therefore, may facilitate a greater degree of rationality in decision-making in higher education 
institutions (Picciano, 2012) and, consequently, help to build a quality culture.  



 
 
However, data on its own is not sufficient, and the sheer amount of data can, in some cases, 
be a deterrent. Hebert Simon, Nobel Laureate in Economic Sciences (1978) for his research 
into the limits of rationality in organizations, stated “a wealth of information creates a poverty 
of attention” (cited by Picciano, 2012).  

Davies et al. (2001) argue that organizations and workers will only be able to turn the massive 
influx of data into an advantage if they can learn to effectively filter and focus on what is 
important. This statement is expanded on in an honest and clear-sighted paper titled “Numbers 
Are Not Enough. Why e-Learning Analytics Failed to Inform an Institutional Strategic Plan” 
(Macfayden & Dawson, 2012). The authors acknowledge that the crux of the failure was 
focusing on technical systems and integration concerns, while failing to address the 
complexities and challenges of institutional culture and change. They propose that “greater 
attention is needed to the accessibility and presentation of analytics processes and 
findings so that learning analytics discoveries also have the capacity to surprise and compel, 
and thus motivate behavioural change” (2012:160).  

2. Case study: assessment of university departments 

2.1. AQU Catalunya and data 

AQU Catalunya has a long history of data processing dating back to the year 2000, when it 
coordinated the first labour market survey of graduates from Catalan universities. The survey 
has since been carried out on a three-yearly basis (in 2005, 2008, 2011 and 2014) and now 
holds more than 80,000 entries, and encompasses the three cycles of higher education 
(bachelor’s degrees, master’s degrees and PhDs). 

In 2012, AQU launched WINDDAT (http://winddat.aqu.cat/), a website containing a 
comprehensive series of teaching indicators for Catalan universities to allow analysis of the 
performance of each course organized by inputs, staff resources and outcomes indicators. The 
site takes its data, with the exception of those relating to graduate employment, from the 
UNEIX database1. 
As of 2014, AQU also carries out employer surveys and student satisfaction surveys. 

2.2. Objective of the assessment 

AQU Catalunya was commissioned by the executive branch of the Government of Catalonia 
to design a method for analysing the research and teaching activities of departments2 in the 
Catalan university system, using quantitative research and teaching data available in UNEIX. 
The main strength of the resulting project it is use of consolidated, reliable and comparable 
data on the Catalan university system, while the main weakness is the restriction to the 
available, rather than the “necessary”, data. The objective of the study was to harness – and 
to clearly delimit – the full potential of the available data for the task entrusted to us. 

                                                
1 UNEIX is an information system that, since 2000, has compiled and collated the management data 

of all universities in Catalonia (7 public and 5 private). It contains microdata on every student (socio-
demographic information, enrolled credits, completed credits, etc.), data on teaching staff (category, 
age, credits taught), and data on research, grouped by department.  
2 In Spain, university teaching is organized at faculty level, while research is organized by 

departments, which are attached to specific knowledge areas. 

http://winddat.aqu.cat/


 
 

2.3. The project 

The working group 

The project group was formed by Dr Martí Casadesús, an academic and the current director 
of AQU Catalunya; Dr Sebastián Rodríguez, a leading academic in the field of institutional 
assessment; Joan Bravo, a statistics expert specializing in the Catalan university System and 
creator of UNEIX, and the database specialist Maribel Quirós. The skills and expertise of the 
working group were one of the main strengths in the development of the project. 

Method 

The analysis focused on the last year for which data were available, 2012, with the exception 
of financial data, which were taken from the period 2009-2012. 

The working group chose subject sub-areas, rather than institutions, as the reference units for 
the study, as no relevant conclusions could be drawn from comparing, for example, data on 
the funding of a humanities department and a biomedicine department. The 287 departments 
that existed in 2012 were therefore grouped according to the following classification: 

Table 1. Departmental classification: subject areas and sub-areas 

Subject area Sub-area Nº Departments 

Humanities Fine Arts 6 

Philology 22 

Philosophy 5 

Geography and History 21 

Social Sciences Political Sciences and Sociology 5 

Law 17 

Economics and Business 20 

Education 19 

Journalism and Communication and 

Library Science 

7 

Psychology 11 

Experimental Sciences Biology 6 

Geology 8 

Mathematics and Physics 19 

Chemistry 10 

Health Sciences Biomedicine 21 

Pharmacy 4 

Nursing 7 

Medicine and Surgery 16 

Veterinary Science 4 

Engineering & 

Architecture 

Architecture and Civil Engineering 12 

Mechanical and Production Engineering 28 

Agricultural Engineering 5 

ICT Engineering 14 

Total  287 

 

The indicators 



 
 
An exhaustive search of UNEIX was conducted to determine the indicators that would give the 
most reliable picture of teaching and research quality across the 287 departments. Twenty-five 
indicators were selected, as shown below: 

Table 2. Research and teaching indicators 
Type Code Description 

R
e
s

e
a

rc
h

 

RIND01 Sum of TOTAL income generated in 4 years by PhD-holders / number of PhD-holders 

RIND02 Sum of income from EUROPEAN SOURCES generated in 4 years by PhD-holders / number of PhD-
holders 

RIND03 Sum of income from STATE SOURCES generated in 4 years by PhD-holders / number of PhD-
holders 

RIND04 Sum of income from CATALAN SOURCES generated in 4 years by PhD-holders / number of PhD-
holders 

RIND05 Sum of income from CONTRACTS AND AGREEMENTS generated in 4 years by PhD-holders / 
number of PhD-holders 

RIND06 Sum of income from COMPETITIVE FUNDING SOURCES generated in 4 years by PhD-holders / 
number of PhD-holders 

RIND07 Sum of income from NON-COMPETITIVE FUNDING SOURCES generated in 4 years by PhD-
holders / number of PhD-holders 

RIND08 Current research premiums from regional government / no. people with current research premiums in 
the category Principal Investigator 

RIND09 Sum of TOTAL income generated in 4 years by: 2-FULL PROFESSOR, 3-SENIOR LECTURER, 16-
UNIVERSITY SCHOOL FULL PROFESSOR 

RIND10 Sum of TOTAL income generated in 4 years by ALL OTHER TEACHING STAFF (not categories 2,3 
or,16, above) 

T
e

a
c

h
in

g
  

PIND01 Permanent teaching staff / teaching staff (permanent + adjunct) * 100 

PIND02 Full-time teaching staff (A+B) with net teaching capacity > 0 / teaching staff (permanent + adjunct) * 
100 

PIND03 Part-time teaching staff (A+B) with net teaching capacity > 0 / teaching staff  (permanent + adjunct) * 
100 

PIND05 Permanent teaching staff >= 60 years / total permanent teaching staff * 100 

PIND06 Permanent teaching staff >= 45 years and < 60 years / total permanent teaching staff * 100 

PIND07 Permanent teaching staff >= 35 years and 45 < years / total permanent teaching staff * 100 

PIND08 Permanent teaching staff < 35 years / total permanent teaching staff * 100 

PIND10 Six-yearly research premiums from regional government * 6  / five-yearly teaching premiums from 
regional government * 5 

PIND11 Total teaching and research staff + International researchers  / Total teaching staff * 100 

PIND12 Total teaching and research staff + EU researchers - 15 + USA & CANADA / Total international * 100 

PIND14 % permanent teaching staff in (23 Special Services and 22 Services) / teaching staff (permanent + 
adjunct) 

PIND15 % net teaching capacity of permanent teaching staff / potential teaching capacity of permanent 
teaching staff 

PIND17 % PhD-holders / total teaching staff  

PIND18 Age indicator (sum of all groups - over-60) / over 60 

PIND19 Distribution of classroom teaching hours; % according to teaching staff category 

 
  



 
 
Methodology and data processing 

The tools used to process the data were: Microsoft Excel (macros and PowerPivot), Microsoft 
Access and Micro Strategy (UNEIX). Figure 1 illustrates the complex integration of data across 
these three tools. 

In total, the analysis required us to process some 82,000 entries, making it impossible to 
analyse the data and interpret the results using conventional list or table formats. 

Figure 1. Data processing tools 

 
The solution arrived at to “make sense” of this vast amount of data was to benchmark 
clusters of indicators. The steps for obtaining the final report are outlined below using an 
example indicator:  
 
Step 1: Define and calculate the indicators for each department. 

Step 2: Within each sub-area, place the indicator in quartiles (25%, 50%3, 75% and 100%). 
This step consists in comparing the value of the indicator for one department with the values 
of the indicators for the other departments in the same sub-area. So, for example, indicators 
in the top 25% are classified in quartile 1 (Q1) and are the most favourable indicators relative 
to the other departments in the sub-area. This process is repeated for each indicator. 

Table 3. Calculated value and classification of each department in a sub-area by indicator 

RIND01: Sum of TOTAL income generated in 4 years by PhD-holders / number of PhD-
holders 

 

                                                
3 Equivalent to the average. 



 
 

 

Step 3: Calculate the total number of indicators in each quartile by sub-area or by university, 
according to the level of analysis. 

Table 4. Final breakdown by university of the total number of indicators in each quartile 

 
Step 4: Present the results graphically. 

Figure 2. Visualization of results by university 

 



 
 

2.4. Discussion  

The graphic displayed in Figure 2 is a global summary of departments’ performance. The data 
is displayed in a way that leaves nobody indifferent, stimulates the analyst, and, hopefully, 
encourages the search for further information that could explain the current diagnosis.  This is, 
according to Conesa and Curto (2010), the objective of scorecards and dashboards, to offer a 
display with relevant data, organized in a single screen, so that the information can be 
perceived and understood quickly (Conesa & Curto, 2010).  

Despite the robustness of the data presented in this report, we are aware that our approach is 
a preliminary one and must be tested further, giving due consideration to the complex and 
diverse situations of the different departments. This document should be understood for what 
it is: a first approach using the data available to us. The analysis has enabled us to detect 
the need to incorporate new indicators, with a view to making a more accurate diagnosis of 
teaching and research quality. 

It could be argued that this case study in fact ranks departments. It is also true that the study 
offers information “relative to others”, i.e. comparative indicators, yet this is the definition of 
benchmarking: the continuous, systematic processes involving internal and external 
measurement of products, services and processes which lead to better practice and improved 
performance (Appleby, 1999:55). The criteria of the EFQM and Malcolm Baldrige (USA) 
models require organizations to demonstrate that their processes are measured and 
compared, both internally and externally, through benchmarking (Rodríguez, 2002).  

We hope that this report invites reflection, helping department heads and university directors 
to plan improvements that will drive the Catalan university quality system forward. 

Beyond the scope of this case study, the new indicator methodology is being extrapolated to 
other studies coordinated by AQU Catalunya, such as labour market surveys, with a view to 
its ongoing use in the future. 

3. The future 
We believe that one of our roles as a quality assurance agency is to help HEIs take advantage 
of the opportunities provided by big and small data. To do this, three ingredients are needed: 
leadership and business sense, data infrastructure, and staff with the necessary skills. 

3.1. Big data/small data: what are they for? 

According to the GovLoop guide The Big Data Playbook for Government (2015), the first step 
is to define the problem you need to solve and the outcomes you want to achieve. This is 
related to proving the business value of the project.  
Data can help to address information needs in the following areas: 

a) Graduate surveys (bachelor’s degrees, master’s degrees and PhDs): 
An integrated database, containing all of the bachelor’s degree, master’s degree and 
PhD surveys carried out since 2001, would allow us to conduct temporal analyses, 
construct predictive models of professional success, conduct cluster analyses to 
improve training effectiveness (good practices), predict enrolment trends, taking into 
account the economic situation4, etc..  

                                                

4 Blom et al. (2015) discovered changes in enrolment strategies during recessions, for example. 



 
 

b) Institutional data: 

 Real-time teaching staff “replacement” in the event of upcoming retirements. 

 Identification of at-risk students, via socio-demographic characteristics, access grades 

in certain subjects, and first-semester success rate. 

 Institutional KPI for teaching and research (using date aggregated by degree 

programme, sub-area, subject area and institution). 

c) Quality assurance procedures: 

 Design of a predictive model of accreditation results, a self-assessment tool applicable 

prior to external assessment. 

 Possible use of existing data to simplify the assessment procedures.  

 Use of teaching staff and learning outcome indicators as the basis for risk assessment 

procedures.  

3.2. Team requirements 

In order to carry out a data project you need a data team. Taking as a reference GovLoop 
suggestions for an “all-star team” (2015), in our experience, at least the following roles must 
be covered:  

 The data project manager, i.e., the person who brings the team together and makes 

sure work is completed on time and within budget. 

 An institutional researcher/big data analyst, or researcher, who understands how data 

impacts university policy decisions; the relevance and suitability of data projects are 

reliant on this vision. This person must be able to derive value from multiple data sets. 

 The data scientist, i.e., an expert in databases querying and statistical analysis who 

must be able to create, manage and operate databases. 

 The programmer/engineer, who can build prototypes of the proposed big data solution. 

3.3. Technical requirements 

As we have seen in the case study, although it is possible to perform complex analysis with 
common software products, it is far from an ideal solution. Our engineer has conducted an 
analysis that shows the need to create a data warehouse5; the inputs and outputs are shown 
in Figure 3.  
  

                                                
5 A data warehouse is a data repository that provides a global, common and integrated vision of data 

organization, irrespective of its intended use (Conesa & Curto, 2010). 



 
 
Figure 3. Proposed data warehouse configuration 

 
 
The first phase of the project implementation will be the creation of a survey repository.  

The core of this system is formed by the degree and centre catalogues, which will enable us 
to analyse data at the level of different units of aggregation: from degree course to university 
and the Catalan university system as a whole.  

The proposed solution would allow us to unify the different surveys and apply data validation 
tools (ETL processes6) to improve the reliability of our data, as well as creating a reporting 
module for automatic reporting. One of the most promising features of this project is the use 
of OLAP cubes, which are subsets of variables that can be harnessed for specific analyses 
and could therefore be used to optimize the database system.  

To sum up, we envision a data warehouse that allows for reliable reporting; this, in turn, will 
make our institutions more accessible and provide assessors with succinct and accurate 
information to gauge what is happening, triggering the analytics process to discern why it is 
happening (self-evaluation process) and to determine the necessary courses of action. 
Several challenges remain. First, a good academic analytics system does not merely exploit 
available data; it also collects and analyses the data required to make decisions. Second, to 
construct such a system, extensive human and material resources are needed. Despite these 
challenges, the enormous potential of the approach might be well worth the effort. 

                                                
6 ETL stands for “Extract, Transform and Load”; ETL systems commonly integrate data from multiple 
applications (systems). These processes are closely linked to the management of metadata and 
quality management data (Wixom & Watson, 2010). 
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