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literature, we demonstrate that data accessibility is a key
constraint and imposes adjustment of the desired evaluation
model to a feasible one.

While Big Data and Open Data systems significantly improved
data quality in evaluations in recent years, blockchain, as a
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Variable Selection and Data Quality Challenges in Impact Assessments
Monica ROMAN & Liliana-Olivia LUCACIU

1. Introduction

Public policies involve complex phenomena and abstract concepts,
making the task of the evaluators and researchers difficult in transposing
them into measurement tools for results and effects.

The conceptualisation and operationalisation of the evaluation aim at
modelling the reality, the complex phenomena related to the interventions.

The variables and the indicators enable analysts and evaluators to
describe and analyse the complex reality of the intervention. Particular
attention is paid to indicators that play a central role in the analysis and
evaluation, mainly in the evaluations based on quantitative methods. The
selection and definition of indicators must be logical and relevant to the
intervention, coherent with the theory and practice in the sector.

The "how we select” is equally important as the "what we select".
Ensuring a high-quality process is a key capability of a good evaluator to
identify an optimum number and most appropriate variables and, further on,
the most appropriate indicators for accurate measurements.

The paper is focused on the impact evaluations of the European
Structural Investment Funds (ESIF) and two key related concepts, namely
variables and data. The papet's main objective is to argue the crucial role of
variable selection and data quality in public policies evaluation. We consider
the following dimensions of the analysis: the various taxonomies of variables
and corresponding indicators, what specific variables should be selected,
why they are adequate for the evaluation methods, and how data quality may
affect the results of the evaluations. The research highlights the complexity
of the concepts, their features of interest for the counterfactual impact
evaluations and the methodological limitations they generate in practice.

The need to cleatly understand the challenges of the impact evaluation
is treated in the most recent papers (White, 2014), in the context of a
significant increase in the number of impact evaluations worldwide. White
(2014) argues that there is a need for a “further increase in both quantity and
quality of impact evaluations” (White, 2014, p. 18). Befani et al. (2014) identify
some challenges in the post-2015 evaluation context related to “Increasingly
ambitious development goals, multiple layers of governance and lines of
accountability”. All these should be tackled by considering a quantitative
evaluation design, however, with “adequate causal inference frameworks” (p.
1), while evaluations should be more impact-oriented. For answering the
increasing complexity of multi-project evaluations, Williams (2015) suggests a
systemic approach, relying on three pillars: interrelations, perspectives, and
boundaries. Several papers consider the challenges related to using statistical



Postmodern September, 2021
Openings Volume 12, Issue 3 Supl

methods, such as randomised experiments or surveys (Vaessen, 2011), while
others argue the advantages of using counterfactual impact evaluation in
specific fields, such as environment (Ferraro, 2009). The issue of variable
selection and data quality is approached in several papers and textbooks on
impact evaluation, more specifically in counterfactual impact evaluation. Hujer
et al. (2004) show the data limitations related to impact evaluation. However,
this issue is not extensively covered by the existing literature or in a context
associated with ESIF.

Considering our findings, the paper contributes to the evaluation
literature in two ways. Firstly, we provide an updated perspective on the
challenges associated with two critical concepts in the evaluation process,
namely variable selection and data quality, using ESIF as a case study.
Secondly, the paper has the original contribution of developing a potential
solution to the identified limitations. In this regard, we consider data
accessibility and benefits that evaluation could enjoy from Big Data systems
and blockchain technology extension. Access to data is a largely recognised
constraint in impact assessments; therefore, how this constraint is addressed
by practitioners and what we can expect from Big Data and blockchain is an
area of interest in this subject.

The research relies on a qualitative methodology. We use
documentary research (Silverman, 2011), and we have considered two types
of documents: institutional documents provided by the FEuropean
Commission and national bodies that regulate the field of ESIF evaluation
and research papers and guides focused on the practice of evaluation. The
time span covers the last two programming periods in the EU, namely 2007-
2013 and 2014-2020. In each section, we have presented the theoretical
concepts in detail, complemented with practical examples related to ESIF
evaluations, to identify the role and challenges in the evaluation use of data
and variables.

In the following sections, the paper presents the main categories of
variables and corresponding indicators and their roles and associated
challenges for the evaluation process (Section 2), the typology and roles of
data (Section 3), and the constraints and potential solutions (Section 4). The
final section presents the main research conclusions.

2. Variables and indicators selection, definitions, and quality
assessment

The most recent evidence from the practice of evaluation highlights
the challenges related to variable selection in ESIF. This issue is critical in
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the context of complex and complicated development programs, like those
implemented in the developing countries over the last two EU programming
periods.

Recent evaluations of Cohesion Policy programs in Romania
(Lucaciu et al.,, 2020; Lucaciu et al.,, 2021a; Lucaciu et al., 2021b) reveal
examples of the challenges of conceptualising and operationalising an impact
evaluation. The challenge comes from understanding the different
dimensions of a phenomenon, focusing on the relevant ones, and
transposing them in the variable that "varies" with the intervention.

One example drawn from practice is the social marginalisation
phenomenon, with multiple dimensions. We need to understand and
correctly define the dimensions addressed by the intervention and then
select the appropriate variables and measurements. In this case, the well-
targeted intervention may address only employment and not other
dimensions such as access to services, level of education, etc. For the
employment dimension, the appropriate variables may be employment status
or continuity in employment, reflecting in addition employability (Lucaciu et
al., 2021a).

Participation in education offers other examples with several options
for the variables and indicators selection upon the change aimed by the
intervention. Thus, increasing involvement in education could be preventive
and capture with appropriate variables the reduction of the dropout or
remedial capturing returning to the education of eatly school leavers.

Similar challenges are found in business support programmes. The
intervention aims at increasing the firms’ viability, competitiveness, and
related to the last one, innovation and strengthening the market position.
Viability or competitiveness may be challenging to identify the appropriate
variables. For viability, one may use the variable" survival after two years of
support”, or profitability, or a combination of them. For competitiveness,
the dimensions used in the largely accepted definitions should be used. As in
social marginalisation, the model should focus on the dimensions addressed
by the intervention because they are expected to vary, and the variation
could not be observable at a higher level, involving several dimensions.

For a clear understanding of the role of each variable in the
evaluation models and a good variable selection, one needs to understand
the features of the variables. These features are presented further, together
with a model for assessing the quality of the evaluation indicators.

Berman & Wang (2012) use the term "variables attributes" in the
process of operationalisation. The attributes of variables are those specific
characteristics that determine how variation occurs. The wvariables are
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associated with attributes coherent with the dimensions of the intervention
that allow the design of the evaluation model.

The primary filter in selecting variables and indicators for the
evaluation model is "data availability". Practice confirms that data availability
makes the difference between what we ideally would measure and what is
feasible. Finally, the indicator comes in the process as the essential tool to
measure the effects of interest, representing the desired change of the
intervention (Gertler et al., 20106)

The shift from theory to practice leads the research in one of the
most extensive "evaluation arenas", the European Structural and Investment
Funds (ESIF) of the Cohesion Policy. European Commission (EC)
guidance documents place less emphasis on analysing phenomena,
identifying dimensions and variables, and referring directly to measurement
indicators and their quality requirements, thus leaving the evaluators'
responsibility to go through a systematic and structured operationalisation
process. Although programs have already defined indicators for monitoring
and evaluating programs, we rarely find impact indicators or indicators for
long-term effects, and their adequacy for the evaluation process needs to be
verified. To answer these limitations, Lucaciu (2018) proposes a five-step
process to set the variables and indicators needed in an ESIF intervention
evaluation.

¢ Clarification of the logic of the intervention, of the causal links
from the identified problem to the change that will reflect the solution of the
problem, from resources to actions, achievements, and impacts.

 Identification of the relevant dimensions for the proposed
intervention.

* Defining the variables and attributes relevant to the intervention.

* Establishing the measurement mode, identifying the indicators.

e Analysis of data sources and information for the identified
indicatorts.

Berman & Wang (2012) highlight the critical elements of the
variables analysis and the need to ensure they are relevant to the funding
program and public intervention. The descriptive analysis of the variables
must provide the essential information about the relevant phenomena of the
financing program: the characteristics, the location, the time, and an
exploration of the relations between the variables, differentiating the causal
relations from the association ones. A good understanding of the aspects
mentioned above is beneficial in quantitative evaluations, such as the
econometric models' design, endogeneity testing, and inclusion of the
instrumental variables in the model if needed.
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A key theme in the statistical and evaluation literature that needs to
be considered from a practical perspective, is the distinction between
independent and dependent variables, considered a “foundation in research"
(Berman & Wang, 2012). The literature review presents different
classifications of the intervention variables. The most relevant and often
referred to (Gertler et al., 2016; Berman & Wang, 2012) is coherent with the
intervention logic model and consists of four categories:

* Explanatory variables, also known as independent variables, are
those entering the results chain, are not influenced by other chain variables,
and explain the outcome.

* Outcome variables, known as dependent variables, are the variables
to be explained and correspond to an outcome, an effect of the intervention.

e Control variables are research variables. They are neither
explanatory nor outcome variables, they are used to test hypotheses.

* Confounding variables are also control variables but have the
particularity that they can explain the effect without being part of the chain
of intervention results.

Other variable classification models focus on how they intervene in
the results chain, such as moderators, with direct influence in the chain or
mediators, omitted from the results chain, but intermediate the influence of
the independent variables on the dependent ones. The synthetic image of
how various phenomena and their associated variables occur in the chain of
production of results and effects is given in Figure 1.

Mediating
variables
Moderating
7 variables —_—
Independent || m—————— Dependent
variables variables
S J Confounding
@ variahles

Covariates

Source: Field-Fote (2019). p. 84.

Figure 1. Types of variables and their links with the intervention logic
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The policymakers are in general interested in the outcomes at
beneficiaries’ level and the induced effects, in the broader environment at
the territorial level, both reflected in the variable selection (Bondonio, 2009
cited by Lucaciu 2018, p. 70).

"Three categories of variables in the causal chain of the intervention:

* Type A: Variables on available and allocated funds.

e Type B: Variables on changing the behaviour of assisted firms
regarding investments and jobs created and maintained.

e Type C: Variables on the induced effects of the program on the
economic and social target environment".

A planned approach to variables and indicators selection and
definition should consider four sources of information and ideas (i) previous
studies; (ii) usual known dimensions; (iii) dimensions defined by the
programme (intervention) (iv) practical constraints generated, for example,
by data availability (Berman & Wang, 2012).

The analysis, selection and definition of the variables is an example
of connecting quantitative with qualitative analyses. The quantification and
estimation of the relevant effects of the intervention depend on the
evaluators' ability to select the variables and corresponding indicators so that
they can measure the dimension of interest. The theory of change proves the
relevance through qualitative analysis. Gertler et al. (2016) confirm this by
mentioning that adaptation to context is as important as its method.

The issue of causality and relation is also an area of coherence of the
qualitative and quantitative analysis and requires mixed competencies in
public policy evaluation and quantitative statistical methods.

The statistical theory argues that "Correlation is not causation"
(Gertler et al., 2016). Conn (2017, p. 731), quoting the renowned economist
Thomas Sowell said: "One of the first things taught in the introductory
statistical textbooks is, correlation is not causality. It is also one of the first
things forgotten."

Two conditions must be met to confirm the causality relation
between two variables:

* To have a plausible explanation of the connection between them
(this will become the hypothesis) and results from the qualitative analysis of
the logic of the intervention/chain of results;

* To empirically test this connection by statistical methods.

What are the most appropriate variables, how many are the
challenging questions the evaluator and analyst must answer in applying
quantitative methods for impact assessment? This double question is
relevant when the number of variables is part of a trade-off for models’

7
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optimisation. For example, such situations are found in Data Envelopment
Analysis (DEA) (Roman & Gotiu, 2017) or in the more generic case of
econometric models that require an optimum number of variables as a trade-
off between bias and efficiency (Popescu & Roman, 2018). Omission of
some variables can seriously affect the accuracy of the impact estimate, as
well as their erroneous selection, while a large number of variables increase
the effort, not necessarily adding value to the results.

The answers to the double question may differ depending on the
analysis level, either at the immediate level of the intervention or at the final
level. A known error is the use of proximal effects of phenomena relevant to
the generation of final effects (Scott-Phillips, et al., 2011). Avoiding this
error is possible (1) by clarifying the evaluation question, which is the level
where policy users want to know the impact and reflecting it correctly in the
chain of results (2) by the relevance of the intervention to the various levels
of effects. An intervention with limited resources may have an observable
impact at the local level but may not produce one at a national level.

The indicators quality defined and used in the ESIF programs is
essential for the evaluation results. The EC is constantly concerned with
monitoring and evaluation systems, and part of them with the quality of
indicators. We find extensive publications in the form of manuals and guides
of the Directorates-General of the EC applicable to the funding programs
they manage (European Commission, 2014; European Commission, 2019;
Morris et al., 2013)

Similarly to the theory of change, the terminology related to
indicators varies in different policy areas, sometimes creating confusion. The
indicators used in the ESIF 2014-2020 are classified on three levels of the
intervention logic as follows:

* Outcome indicators — refer to variables that provide information
about certain aspects of the results and reflect what is intended to change,
not limited to the effect of the funded intervention, but also considering the
effects of other interventions and factors.

* Output indicators - refer to variables that provide information on
the direct products of the programs; they derive from logical intervention
and express the actions that generate outputs.

* Input indicators — refer to the public support provided, the
funding, and other inputs, if the case.

A specific category of indicators is defined in the context of ESIF,
ie., " Common indicators". They refer to a selection of indicators that the
EC recommended to the EU member states to allow aggregated
achievements at the EU level. This approach is strengthened with regulatory
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provisions in the Monitoring and evaluation of European Cohesion Policy
(European Commission, 2014) and the programming guidelines, including
the following requirement:

* Include at least one outcome indicator for each specific objective
SO).

* There should be no more than two result indicators on the OS.

* Outcome indicators for expected results should include an
adequately quantified baseline and target.

* The output indicators include quantified targets; it is expected to
contribute to the results and be defined for each investment priority,
reflecting the actions covered.

The European Commission (2014) formulates four criteria as a
requirement for assessing program indicators. These requirements can be
used to create tailored tools for analysing the quality of indicators, such as
the example designed for ESIF programmes in Romania, provided below.

* Responsibility and relevance: the outcome indicator must respond
to policy and capture the essence of the outcome, which means that the
value of each outcome indicator is influenced by actions and outputs and
reflects the expected policy-sensitive change.

* Clarity / Normative: the indicator has a clear and accepted
interpretation.

* Robustness: the indicator is not influenced by extreme values,
which means that the indicator reflects the intended change and is not
sensitive to large variations generated by a small number of entities or
inputs.

* Statistical validation: the result indicator is based on information
collected from all entities/participants targeted by the intervention (statistical
population) or a representative sample.

* Data for the indicator are collected regularly; the data are available
when needed for evaluation purposes.

The SMART test is also used in planning and programming practice
(European Commission, 2019). It includes the criteria: specificity,
measurability, the extent to which targets can be achieved, realism (data can
be collected, monitored, aggregated, and interpreted), setting the time
horizon for measuring indicators.

In public policies, real-world indicators are not limited to an
intervention, a program, or a policy. The coherence of indicators across
policies provides benefits to all policymakers in a complex public policy
environment with intersectoral programs at multiple territorial and
governance levels. SMART City local policies are one of the relevant
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examples, where actors participate in numerous programs funded by
different funds, projects whose results are expected to contribute to the
objectives of SMART City. It is thus useful to connect the system of
performance indicators of smart cities (Carli et al., 2013) to the indicator
systems of programs financed from structural funds, in Romania as in other
countries, the main source of financing for many programs. Lucaciu (2018)
identifies common performance indicators for SMART cities strategies and
ESIF highlighting common indicators at the level of result and impact,
sometimes at different levels of disaggregation.

To conclude, this section emphasised the need for a proper variable
selection as a challenge of the evaluation process. This challenge may be
overcome by considering all the wvariable characteristics, their various
taxonomies and roles, and their adequacy for evaluation.

3. Data used in the evaluation and the data quality issue

Behind variables, which are abstract concepts, we find data. In a
more quantifiable environment, data impacts the evaluation process through
their quantity and availability or quality. ESIF impact assessment operates
with variables concerning various units of analysis, such as persons or
entities influenced by the intervention and variables relating to different
territorial levels or large communities and groups.

For this reason, we find in evaluations data with different levels of
granularity (Crato & Paruolo, 2019). Microdata are used for measuring the
effects at the unit of analysis, while aggregated data are used for induced
effects at the policy target population level or data for context analysis and
influencing factors the generic covariates in the evaluation models.

Evaluation methodologies use data classifications relative to their
usefulness in the evaluation process. One classification, useful for organising
data collection, is structured on five clusters: data from individuals, data
from groups, observations, physical measurements and revisiting existing
records.

The clusters include a broad range of collection methods, ranging
from traditional individual and group interviews, focus groups, panels,
surveys, biophysical and geographical measurements, to more modern data
collection methods using smartphones, feedback using tools based on
information and communication technology (ICT). While the first four
clusters refer to primary data collected for evaluation purposes, the last
cluster relates to data collected for a purpose other than evaluation and can
be extracted and processed to meet the evaluation needs.

10
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The European Commission (2021) uses in the monitoring of the
evaluation of the interventions financed by the Cohesion Policy a
classification that highlights four types of data, namely:

* Primary data collected directly by evaluators through collection
methods dedicated to satisfying the need for data for evaluation.

* Statistical data produced by "statistical data producers”.

¢ Administrative data - data collected by government entities during
the current activity for administrative purposes; monitoring data are
administrative data specific to the evaluated program, collected to serve the
management of the intervention.

Correlating the two classifications, we find that the primary data
correspond to the first four clusters: data from individuals, groups,
observations and measurements, statistical, and administrative data,
including monitoring data correspond to the fifth cluster, secondary data,
already recorded.

As noted by Elia et al. (2015, p. 7), "The main challenge encountered
to carry out CIE1 analysis was the availability and access to a suitable data
set on the control group". The authors point out limitations on the
conclusions of the evaluations analysed due to the quality of the data. The
limitations include the use of a limited set of variables that fail to eliminate
selection bias, external validity is limited because the group treated
corresponds to the target population of the policy, insufficient sample size
data for important variables.

"Administrative data can suffer qualitative challenges that need to be
aware and solved. Data are sometimes (1) missing or incomplete, (2)
inaccurately reported, (3) subject to definitions that have changed over time
and therefore cannot be compared, (4) irrelevant to specific events or
customers or cannot be disaggregated in necessary ways, (5) confidential,
unavailable for analysis, or (6) insufficiently available in electronic format."
(Berman and Wang, 2012, p. 82)

In general terms, data quality reflects to what extent a set of inherent
characteristics of an object fulfils requirements. A simple definition of
quality is “fit for use” or “fit for purpose”." (United Nations, 2019, p. 3).
From the users’ perspective, the concept of "fitness for use" means
adequacy of data for the consumers’ use.

For data quality assessment purposes, we found a helpful definition
of Wang & Strong (1996, p. 6): “the dimension of quality is defined as a set
of data quality attributes that represent a single aspect or construct of data

I Counterfactual impact evaluation
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quality". The same cited authors proposed a general conceptual framework
structured in four categories, each with three to seven dimensions, as seen in
the table below.

Table 1 Data quality categories and dimensions

Categories  Accuracy Relevance Representation  Accessibility
Quality Trust Added value Interpretability  Accessibility
dimensions Accuracy Relevance Understanding ~ Cost-
Objectivity Timeliness ease effectiveness
Completion Operation ease  Representation  Access
Traceability Adequacy of consistency security
Reputation data volume Conciseness
Variety of Flexibility
sources

Source: Wang & Strong, 2017, p. 16

Similar dimensions of data quality, such as accuracy, timeliness,
accessibility, relevance, completeness, consistency, reliability, are found in
methodologies customised to sectoral policies (World Health Organization,
2017). They are grouped into more comprehensive dimensions, such as
would be the following.

¢ Completeness and timeliness of data.

* Internal consistency of the reported data aiming at the coherence
of the data for the same indicator in a time interval.

* Coherence of the data across indicators.

e Consistency of data reported with original data indicating the
degree of accuracy.

* External consistency of data refers to the consistency of data from
different sources.

* Adequacy of population data used for derived indicators.

4. Main constraints in the ESIF evaluations due to data accessibility
and perspectives

A major difficulty is reported in research, evaluations and studies, the
operation of data falling under the regulations to protect personal data,
limiting accessibility to available data. Regulation 2016/679 on the
protection of individuals concerning the processing of personal data and on
the free movement (General Data Protection Regulation, GDPR), Directive
95/46/EC after long debates changed the data protection landscape. The
implementation of the GDPR highlights at least three tacit innovative

12
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elements: extended jurisdiction over all entities processing personal data of
EU residents, stringent obligations and responsibilities of processors and
controllers of personal data and remedial measures, liability and penalties for
breaches of the Regulation (Crato & Paruolo, 2019). The data collection and
processing for evaluations were deeply affected, including primary data and
the use of secondary data. In the first case, final beneficiaries are reluctant to
offer information and participate in surveys. In contrast, in the case of
administrative data, more administrative work is required to comply with
GDPR provisions. "The feasibility of merging administrative data, often
held by different agencies, is limited, being subject to countries' and regions'
data protection laws" (Elia et al., 2015, p. 7).

Trivellato (2019) shows that the importance of using microdata in
scientific research in the social sciences and public policy evaluation is
growing, and the attribute of "public good" increasingly characterises
microdata. This opinion is based on the fact that the distinguishing feature is
the collective use of individual data and on the replicability of data so that
researchers must be able to resume analyses and challenge previous results
by extending the research.

The evaluation model and, subsequently, the tools, including the
statistical models, are influenced by the availability of data (Rettore &
Trivellato, 2019). For both the beneficiaries and the non-beneficiaries, the
quantitative methods need data on their characteristics, pre- and post-
intervention variables. The administrative data collected for certain groups
do not always meet the evaluation needs because their collection and storage
pursued the objectives for which those administrative registers were created.
Programmes sometimes operate with large data sets, involving hundreds of
thousands of individuals who have been involved in programs, whose
situation, before and after the intervention, needs to be modelled and
translated into variables with accessible indicators and data.

The intervention in education, aiming at preventing early school
leaving, provide support to large populations of children and students, the
expected effect at the proximal level being the behaviour change to continue
studies across educational levels and improve school performance. In
contrast, induced effects are measured at the school or territorial level in
terms of lower dropout rate or increased participation.

In the absence of monitoring systems able to record participation in
education at the individual level, the evaluation could rely only on
administrative data at the school territorial or sectoral level, capturing
variables of interest. Children and young students' data raise many
difficulties regarding personal data protection, hardly to be resolved in an

13
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evaluation exercise. Therefore, well-designed systems must combine
administrative data with more specific data on the beneficiaries and control
groups for the counterfactual evaluations. Thus, ideally, microdata at the
participant  level pre-, during and post-intervention is needed.
Complementarily or alternatively, if microdata at individual level are not
available, the impact can be estimated at the level of schools or local
communities (Lucaciu et al., 2021b).

The practice in evaluation shows the evaluation model is adjusted,
from the desired model, given by the theoretical mechanisms of effects
generation, to the feasible model, highlighting the limitations and their
influence on the results of the analyses. The availability and accessibility of
data have improved with the extension of Big Data and Open Data systems,
access to public administrative data has improved significantly (Rettore &
Trivellato, 2019).

Another example concerns people from vulnerable groups whose
post-intervention situation is not always possible to follow without the
responsibility of a public authority. Thus, the evaluation model adjusts, from
the desired model, given by the theoretical mechanisms of producing the
effects to the feasible model, highlighting the limitations and their influence
on the outcomes. The availability and accessibility of data already have
beneficial effects on quantitative assessments, access to public administrative
data has improved significantly (Rettore & Trivellato, 2019).

A model of a quality monitoring and evaluation system applied in
higher education (Li et al., 2017) represents a good basis for developing a
system tailored to the needs of the impact assessment of education policies.
The model (Figure 2) combines the characteristics of the monitoring and
evaluation system with a Big Data processing platform, forming a multi-
functional system including functions of data acquisition, processing and use
of results. The data collected could be adjusted to the variables of interest of
other interventions, while the reports generation could be tailored to the
monitoring and evaluation needs.

If Big Data and their public access through Open Data platforms are
a big step forward increasing accessibility to data needed in quantitative
evaluation and research, blockchain technology opens a new perspective.

Interest in the blockchain is growing. Governments and private
organisations are investing heavily in large Big Data and blockchain
technologies due to their potential to solve real-world problems.

"Big Data" has generated a strong interest in various research and
engineering fields in recent years. Despite the many advantages and
applications, many challenges are to be solved for better quality, processing,

14
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management, confidentiality, and data security. Blockchain, benefitting of
inner advantages in terms of decentralisation and security, has a great
potential to improve services and applications with large data volumes
(Deepa et al., 2021).

Figure 2. The architecture of the Higher Education Quality Monitoring and
Evaluation System
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Source: Li et al., 2017, p. 339

The relevance of blockchain to public policy research needs is given
by its nature as a technology of ledgers, given that administrative ledgers are
the main sources of data for evaluation. Ledgers in blockchain technology
are publicly available for everyone to inspect data blocks and transactions.
The advantage is that users stay anonymous, identifying only using their own
key as an address (Karafiloski & Mishev, 2017). In addition, blockchain
offers advantages in terms of accessibility through decentralisation,
operation with large volumes of data, real-time processing, confidentiality,
and data security, for public policy evaluation, the advantages refer to
surveys for collecting primary data from beneficiaries. Blockchain
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technology can reduce data privacy and security concerns that affect survey
response rates, especially online.

5. Conclusions

The variables and the indicators enable analysts and evaluators to
describe and analyse the complex reality of the intervention. One difficult
task of the evaluators is to select the appropriate variables, ensuring best
modelling of reality and satisfying the needs of the evaluation methods,
including quantitative necessary to answer the evaluation questions and
provide robust and credible evidence.

A good understanding of the dimensions of the planned change
enables the analysts to select the variables rigorously and define the
indicators and measurement tools adequate for a large range of methods,
including the quantitative ones.

The results of our research emphasise that evaluations operate with
data with different levels of granularity, as required by the intervention logic.
Therefore, structuring data in clusters and categories is useful in assessing
data quality and their adequacy to the methodological needs, and tested
models are useful for researchers and practitioners. A largely applicable tool
for quality assessment is structured on four categories of dimensions:
accuracy, relevance, representation, and accessibility. This may reflect the
key constraints of accessibility and impose adjustments of the evaluation
model from desirable to feasible. In line with the existing literature, we
demonstrate that data accessibility is a key constraint for ESIF evaluation
and impose adjustment of the desired evaluation model to a feasible one.

The study also reveals the need for evaluators and analysts to
complement their skills and master the typology of variables, indicators, and
data to find the best and feasible models. There are no prescriptive rules
regarding how many variables or what specific variables to select in a model.
The experience and effort of the analysts will help optimising trade-offs
between the number or type of variables selected and the model's features.

Limited access to data is a key constraint in extending the use of
quantitative impact assessment methods. In this sense, we suggest the use of
Big Data and Open Data systems. These have significantly improved the
data and the evaluations' potential to use extensively quantitative methods,
despite the constraints generated by personal data protection regulations and
limited administrative data interconnections.

As a ledger technology with default features related to
decentralisation and security, blockchain is expected to bring large benefits
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to evaluation. For evaluators and policymakers, blockchain potential is an
area of further research looking for additional advantages that could enhance
the use of quantitative methods. Therefore, our results may be of use for
overcoming the challenges raised in the practice of ESIF evaluation during
the programming period 2021-2027.
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