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1. Introduction

Research and Innovation (R&I) has been increasingly recognised in recent years as a
catalyst driving forward countries’ economic growth, boosting competitiveness, and
further strengthening economic security. In this context, R&I efforts are pivotal for Europe's
future, as they offer sustainable solutions to pressing societal, economic, environmental, and
political challenges!.

The European Union has consistently provided funding for R&I activities over the past
decades? through its successive Framework Programmes (FPs). The latest and most
significant of these, Horizon Europe (FP9), runs from 2021 to 2027 with a budget of EUR
€95.5 billion. It aims to tackle climate change, contribute to the achievement of the UN’s
Sustainable Development Goals (SDGs) and boost the EU’s competitiveness and growth.
Horizon Europe is designed specifically to advance scientific excellence, technological
leadership, and industrial competitiveness by financing collaborative projects across the
27 EU Member States and 21 associated countries

While Horizon Europe remains the flagship programme for R&l, it is complemented with other
competitive, multi-actor funding programmes that support R&Il. Examples include EU4Health,
LIFE programme, Digital Europe Programme, and Connecting Europe Facility>. These
instruments cater to a diverse range of stakeholders from scientists and universities to start-
ups, SMEs, and governmental bodies, often encouraging cross-border cooperation that drives
innovation on a European scale.

Given the ambitious objectives of EU R&l funding instruments, combined with the
diversity of grant types and participating stakeholders, assessing their impact is both
essential and challenging. Empirical evidence on the benefits of such EU R&l funding is
crucial not only to quantify its impact but also to refine and optimise future programmes,
ensuring that each iteration delivers even greater value to European innovation and society at
large. Notable studies that quantify the impact of European or national R&I funding include
Mitra and Niakaros (2023) and Santoleri et al., (2024) that examined the impact of the Horizon
2020 Framework Programme for R&l on financial firm-level outcomes. Baruffaldi et al. (2020),
studied the effect of international mobility grants on researchers; Baruffaldi et al., (2024)
examined how the Marie Skiodowska-Curie Individual Fellowships affects researchers’
mobility. Additionally, Ghirelli et al. (2023), investigated the long-term causal effects of
receiving a European grant on researcher productivity; and Bronzini and lachini (2014)
analysed the impact of national R&D grants on companies’ investment spending.

Nonetheless, guantifying the impact of European funding presents significant challenges due
to a variety of factors, from intrinsic methodological issues to the complexities inherent in an
EU-level funding programme. This paper contributes to the literature by identifying key
methodological challenges in empirically assessing the impact of an EU funding
Programme. Some of these challenges may also apply to other national or regional funding

! European Commission: Directorate-General for Research and Innovation, Steeman, J., Di
Girolamo, V., Mitra, A., Peiffer-Smadja, O. et al., Why investing in research and innovation matters
for a competitive, green, and fair Europe — A rationale for public and private action, Publications
Office of the European Union, 2024,

2 European Commission: Directorate-General for Research and Innovation, Cavicchi, B., Peiffer
Smadja, O. and Ravet, J., Unveiling the transformative potential of the European framework
programme for research and innovation — A systemic analysis of the FP design from 2002 to 2023,
Publications Office of the European Union, 2024,

3 For an overview of the different R&I funding instruments, refer to
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https://data.europa.eu/doi/10.2777/947667
https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/funding-programmes-and-open-calls_en#eu4health
https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/funding-programmes-and-open-calls_en#eu4health

schemes. The paper is organised as follows: Section 2 outlines general methodological
framework needed to evaluate the impact of EU R&Il funding; section 3 discusses the key
challenges involved in such an evaluation while providing remedies; section 4 presents the
optimal methodological framework for empirically estimating the impact of EU R&I funding.
Finally, Section 5 provides concluding remarks. All econometric and mathematical equations
relating to the models discussed are presented in the Technical Annexes.

2. General methodological framework

At the core of evaluating the impact of European R&l funding lies a key research question:
Does receiving a grant under a European Framework Programme have an impact on the
achievement of key policy objectives? This impact might manifest in various ways, such as
advancing fundamental human knowledge; driving productivity growth that translates into
economic growth; facilitating scientific progress to tackle social and environmental challenges
like climate change; and promoting equity in access to education or technology and enhancing
social mobility.

Through its Better Regulation Toolbox*, the European Commission put forward guidelines on
the different aspects that need to be monitored throughout the lifecycle of an initiative —
whether it is a strategy, funding instrument or policy— to judge whether its objectives were
realised. The toolbox distinguishes three key elements that can be measured:

(1) Inputs: resources provided at the outset to support of an initiative’s objectives.
These typically include financial and material resources such as budget execution
and human resources deployment.

(2) Outputs: the immediate tangible and measurable products or services generated
by the initiative. As outputs align directly with operational objectives, they serve as
clear indicators of progress. Examples include scholarships awarded, consultancy
services developed, standards established, databases created, the number of SMEs
supported, and websites launched.

(3) Results and impacts: results refer to the immediate direct effects of the initiative
with particular focus on its target beneficiaries. If an initiative aimed to support SMEs,
a result might be the number of jobs created within these SMEs. Impacts denote the
long-term wider effects on society, environment, etc., beyond those directly affected
by the initiative.

This paper will use the terms output, result, and impact in line with the definitions outlined
above. We propose that outputs represent mid-term effects, while results and impacts are
long-term in nature.

To answer the research question of how receiving an EU R&I grant affects key EU
policy goals, we need to use counterfactual analyses to measure outputs, results, and
impacts. This type of analysis involves constructing hypothetical scenarios to explore what
would have happened if a different decision, for example a policy or action, had been taken.
This approach often requires imagining a "what if* situation where one variable or condition
changes, while all others remain constant.

In the context of policy evaluation, counterfactuals are used to evaluate the impact of
policies or interventions by comparing what happened (e.g., receiving a grant) with
what would have happened in an alternate scenario (counterfactual outcome, e.g., not

4 European Commission, Better Regulation Toolbox, Publications Office of the European
Union, July 2023.
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receiving a grant). These counterfactuals help policymakers and evaluators understand the
trade-offs and implications of different funding decisions in a structured and evidence-based
way.

In empirical terms, this counterfactual analysis can be expressed as ¥9 = y(d, £,) where
Y denotes the counterfactual outcome for a beneficiary if there were assigned to a particular
treatment (e.g., receiving or not receiving grant), d is a binary indicator for the treatment (e.g.
1 for receiving a grant, 0 for not receiving it), y(d, ¢,) is a formula that explains how the
outcome depends on d (the treatment) and other hidden factors® (g,) like differences in
motivation or business context. A summary of key empirical termmologles used throughout
this paper is provided in Table 1.

Table 1: Overview of key empirical terminologies

|

Treatment A policy intervention designed to achieve
specific objectives. In this paper, it refers to
European R&l funding.

Treatment effect The measurable outcomes, results or
impacts resulting from the policy
intervention.

Treatment group The group of individuals or entities that

received and benefited from the treatment.

Control group A comparable group of individuals or
entities that did not receive the treatment,
serving as a baseline for comparison.

Counterfactual The hypothetical scenario representing what
would have happened to the treatment
group in the absence of the treatment.

Quantifying the impact of R&I funding on key policy objectives is a complex process
that involves several challenges. This process involves not only identifying and measuring
the direct outputs and results of funding but also understanding its broader impacts on policy
objectives such as innovation, economic growth, and societal well-being. The following section
delves into these challenges, exploring how they affect the accurate assessment of funding

impacts, and the methodologies used to overcome them.

» is an unobserved random variable representing factors that influence the outcome Y but
are not explicitly accounted for in the model. These factors might include individual-specific
characteristics, noise, or other omitted variables.



3. Key challenges in empirically assessing the
impact of European R&I funding

We focus on five main challenges that can be classified as follows: identifying aggregate
effects and spillovers, estimating long-term results and impacts, mediation analysis
challenges, heterogeneity within the funding programmes, and pitfalls of establish econometric
methods. Each of these challenges is discussed below, along with proposed remedies.
Understanding and addressing these challenges is essential for evaluators seeking to assess
the true impact of R&I funding effectively.

3.1. Challenge 1: Identifying aggregate effects and spillovers

Policymakers are generally interested in understanding the overall or aggregate impact of a
policy on the population or system as a whole, rather than just its effect on specific individuals
or beneficiaries. However, empirically, the aggregate effect of a policy might differ from
the causal effect of grant receipt on beneficiaries. This discrepancy arises from several
factors, notably spillovers, as well as crowding-in, crowding-out, and peer effects.

Knowledge spillovers, or externalities, are one of the primary motivations for R&I funding. This
is particularly evident in Horizon Europe which actively supports knowledge spillovers by
promoting open science, cross-border collaboration and the broad dissemination of research
outcomes across sectors and regions. Therefore, R&I funding often has benefits that extend
beyond the level of the beneficiary (Vazquez-Bare 2023; Bruan & Verdier 2023).

Similarly, empirical evidence suggests that public R&D funding can stimulate additional private
investment, leading to a crowding-in effect where public support encourages further private-
sector engagement in R&D (Ali-Yrkkod, 2004; Afcha & Lopez, 2014; Becker, 2015). Such
knowledge spillovers and crowding-in of private investment suggest that beneficiary-
level estimates are underestimating the benefits of R&I funding.

Another reason for the difference between the impact of R&I funding at the aggregate and
individual levels is crowding out. Beneficiary-level outcomes often measure results that are
inherently zero-sum, or nearly so, when viewed at the aggregate level. For instance, the total
number of publications in a specific set of journals or outlets may be relatively fixed. In this
case, if a beneficiary produces an additional publication, it may come at the expense of a
publication by a non-beneficiary. Similarly, in the case of academic positions or promotions, an
additional position secured by a beneficiary often implies one less position available for a non-
beneficiary. On a more macro-level, some empirical studies suggest that public funding of R&I
activities may also generate crowding-out of private investment, implying that public funding
would negatively displace private R&D investment (Hall & Toole, 2000; Rochina & Rodriguez
2024). These crowding-out effects suggest that focusing solely on beneficiary-level
outcomes can lead to overestimations of the broader social benefits of R&I funding.

Understanding peer effects is another crucial element to consider in the context of evaluating
the counterfactual impact of R&l funding. Peer effects occur when the behaviour or
performance of an individual researcher is influenced by their interactions with colleagues or
collaborators. However, isolating these effects presents a significant methodological challenge
due to two phenomena: the reflection problem and social interactions.

Manski (1993) provides that the reflection problem makes it difficult to distinguish whether
observed outcomes result from direct funding effects or from endogenous social
interactions within peer groups. For example, if a researcher's productivity improves after
their institution receives funding, it is challenging to determine whether the improvement stems
from the funding itself or from peer-driven spillover effects within the group. Similarly, Moffitt



(2004) emphasises the importance of accounting for contextual influences when evaluating
the impact of interventions. His work explores policy interventions and social interactions,
showing the need for careful identification strategies to separate direct funding impacts from
broader social dynamics.

In the context of R&I funding, applying these insights can help evaluators avoid overstating the
funding's effectiveness by accounting for peer-driven contributions, thereby providing more
accurate and reliable impact assessments.

One remedy to dealing with such different spillover effects is to examine the effects of
R&I funding at broader levels instead of focusing only on beneficiary-level. One approach is
to analyse the variation in funding impact at higher levels, such as examining how funding
influences the innovation ecosystem, economic growth, or overall knowledge output of a
region or country. Similarly, evaluators can adopt a disciplinary perspective by investigating
how funding in specific fields (e.g., Al research) drives progress within the discipline as a
whole. By aggregating data at these broader levels, evaluators can more accurately capture
spillover effects that extend beyond individual grant recipients, providing a comprehensive
understanding of the broader societal and economic benefits of R&I funding.

When higher-level (i.e., macro) data is unavailable or insufficient, evaluators can resort to
extrapolating data from beneficiary-level effects to estimate aggregate outcomes,
impact and results. This requires assumptions and auxiliary evidence such as that spillovers
are proportional to the direct effects observed at the individual level. It also requires auxiliary
evidence which entails supplementing beneficiary-level data with additional information, such
as surveys or case studies about how beneficiaries collaborate with others, economic models
that estimate the ripple effects of knowledge spillovers, and historical data showing how past
funding translated into aggregate outcomes. By using these techniques, evaluators can better
estimate the aggregate effects of R&I funding.

3.2. Challenge 2: Estimating long run results and impacts

Many objectives that are targeted by R&l funding take a long time to be realized or are difficult
to measure. This holds particularly true for Horizon Europe, given its focus on fundamental
research, cross-border collaboration and long-term systemic challenges such as climate
change, sustainable economic growth, global competitiveness and SDGs, all of which require
sustained efforts and gradual progress over extended periods.

Nonetheless, policy evaluations often need to be conducted at time horizons that
precede the time frame at which programme effects completely unfold. In the context of
the European Commission’s Better Regulation Toolbox, the focus lies in estimating the
outcomes, impacts, and results of an instrument. A notable example of efforts to quantify this
impact is the Horizon Europe Key Impact Pathways, a set of indicators designed to measure
the Framework Programme’s contributions to science, the economy, and society
(StancCiauskas et al., 2022). Such policy evaluations rely on variables that are measurable,
which might not always be feasible.

In empirical terms, this issue translates into an ultimate outcome (Y) of interest which takes a
long time to realize or is hard to observe. There are, however, other outcomes (W) that are
realized faster or more easily observed, and that are predictive for the long run outcome of
interest. Building on a literature in biostatistics, Athey et al. (2019) discuss under what
condition such variables W can serve as surrogate outcomes, which allow us to learn
about causal effects on the outcome of interest.

The first condition for variables W to be fit as surrogate outcomes is the no direct pathway
condition, which entails that the surrogate outcome must fully capture the treatment’s



effect on the long-term outcome. This means there should be no direct pathway from the
treatment to the final outcome that bypasses the surrogate.

The second condition is the conditional independence (i.e. no hidden confounders) which
implies that after accounting for the surrogate outcome, the treatment should have no
additional predictive power for the long-term outcome. This means that once we know how
the treatment affects the surrogate, we should not need any extra information from the
treatment to predict the final outcome (see Figure 1).

No direct pathways Conditional independence

° O ° \\—;‘

Ql 0// ” /

Note: D denotes treatment, U represents an unobserved variable(s), W is the surrogate variable(s), and Y is the
outcome of interest.

Figure 1 Conditions for appropriate surrogate variable.

Although it may be challenging in practice, finding an empirically sound surrogate variable
remains crucial for accurately estimating the long-term effects of R&l funding, as direct
measurements or outcomes may be difficult or time-consuming to obtain. For an overview of
the theoretical econometrics behind this method see Annex 1: Surrogate variables.

3.3. Challenge 3: Mediation analysis and multi-beneficiary grants

The standard tools of causal inference discussed in this paper such as DiD allow us to
estimate the overall treatment effect such as the impact of receiving a research grant on
beneficiaries. However, we often are interested in understanding the mechanism driving this
effect.

The mechanisms driving causal effects can be formalized in terms of a decomposition of
treatment effects along different causal pathways. Such a decomposition is known as
mediation analysis (VanderWeele, 2014, 2016). Mediation analysis is a way to understand
why and how a treatment causes an outcome. It does not just ask, “does receiving this
European R&l funding improve knowledge on a certain topic?” It delves deeper into identifying
what specific factors, mediators, make these results come into play. In the example of a
research grant, mediation analysis could involve identifying both direct effects (e.g., the grant
directly providing funding) and indirect effects (e.g., the grant improving the scientist's
reputation, which then leads to career advancements). See Annex 2: Mediation analysis for an
econometric illustration of this method.

A key challenge of mediation analysis lies in dealing with the heterogeneity of treatment
effects, especially when the grant is distributed to multiple beneficiaries. Different recipients
might experience varying outcomes depending on their specific circumstances, needs, and



how they use the grant. For example, one beneficiary might benefit primarily from the
increased research capacity, while another might see more impact from enhanced visibility in
the academic community.

This variation introduces significant complexity in isolating and quantifying the specific
mediating factors responsible for the observed outcomes. When evaluating competitive, multi-
beneficiary funding programmes this task becomes even more challenging. Taking Horizon
Europe as an example, where the beneficiaries span a diverse range of entities such as
researchers, public bodies, companies, and scientists, across multiple countries, each with its
own distinct characteristics, the challenge is more pronounced. The heterogeneity in the
socio-economic, political, and institutional contexts that each beneficiary brings complicates
the identification of universal mediators that contribute to the programme’s effects. This
complexity warrants caution when attempting to generalise the findings of a study that
examines a specific funding instrument to its broader impact.

3.4. Challenge 4. Heterogeneity within the design of the funding
programme

The heterogeneity in the design and goals within an R&I funding programme has implications
on the empirical strategy needed to infer their effects on generating spillovers. Horizon
Europe is a fitting example of such internal diversity. As the European Union’s flagship R&I
programme, Horizon Europe addresses a broad range of thematic challenges with
overarching goals, spanning multiple disciplines and sectors. Meanwhile, programmes such
as EU4Health and LIFE, while also competitive funding schemes, have a narrower thematic
focus, concentrating respectively on public health and environmental/climate action.

Horizon Europe is structured into three main pillars, where each pillar has distinct objectives,
funding mechanisms, and target beneficiaries. Consequently, within each pillar, several calls
exist with varying thematic focus, beneficiary target, eligibility criteria and grants.
Consequently, Horizon Europe, in line with preceding FPs, encompasses several
instruments that target differing beneficiaries, with varying grant longevity, budget and
policy objectives.

Within each FP, we can detect heterogeneities across its various funding mechanism. For
instance, some instruments under Horizon Europe focus on funding scientific excellence and
groundbreaking research such as the European Research Council (ERC), while other focus
on financing market-driven innovations with potential commercial impact such as the
European Innovation Council (EIC). This different focus leads to diverse outcomes and
spillover effects across sectors, regions, and types of beneficiaries (see Annex 3:
Heterogeneity within the design of the funding programme). This variation complicates the
task of isolating and measuring the specific impact of each instrument on the broader
innovation ecosystem.

To that end, it is crucial to consider the heterogeneity in treatment assignment across different
programmes or instruments. Some funding instruments offer a unique opportunity for
econometric analysis through discontinuity in their treatment assignment. This discontinuity
can be leveraged to estimate effects more precisely, using methods like Regression
Discontinuity Design (RDD). RDD capitalizes on the cut-off points in treatment assignment to
compare groups just above and below the threshold, providing a more accurate estimation of
the programme's impact.

However, this is not necessarily the case for all instruments within FPs where treatment
assignment lacks clear thresholds, making it difficult to apply RDD or similar methods. Instead,



these programmes might require different econometric estimators, such as propensity score
matching, difference-in-differences, or instrumental variable approaches, which rely on
different assumptions and methodologies.

The use of varied estimators across and within different FPs poses a significant
challenge: it can result in parameters that are inherently difficult to compare with each
other. Each estimator has its own methodological nuances and underlying assumptions,
which can influence the results in different ways. For instance, RDD might provide a local
average treatment effect around the cut-off point, while propensity score matching estimates a
more general effect across a broader population, though making causal claims is more
difficult.

This diversity in estimation methods and the resulting parameters mean that comparisons
across different FPs, or even within the same programme under different conditions,
must be approached with caution. Understanding the context-specific limitations and
strengths of each estimator is crucial for accurately interpreting the results and for making
valid comparisons. Consequently, policymakers need to be aware of these challenges to draw
meaningful conclusions about the overall effectiveness and impact of FPs in terms of
spillovers.

Furthermore, the same beneficiary may receive multiple grants from different funding
mechanisms within Horizon Europe, resulting in them being treated under one pillar but
untreated under another. This creates challenges in defining treatment and control groups, as
these will vary depending on whether the evaluation aims to estimate the beneficiary-level
effect of the entire programme or of a specific pillar.

3.5. Challenge 5: Pitfall of established econometric methods

There is a range of established methods for causal inference which might be useful for the
evaluation of R&l funding, including regression discontinuity, difference in differences, and
matching on covariates, (Angrist & Pischke 2009; Imbens & Rubin 2015). This is not the place
to review all these methods, however, we shall review an important caveat regarding
difference in difference (DiD) which has gained popularity in recent applied research
aiming to establish causal impact.

The DID method is a popular econometric technique used to estimate the causal effect of a
policy intervention (i.e., treatment) by comparing changes in outcomes over time between a
treated group (e.g., beneficiaries of Horizon Europe) and a control group (e.g., non-
beneficiaries). DID can also be highly relevant for policy experimentation, which involves
testing new policies on a small scale, assessing their impact, and identifying the most effective
solutions for broader implementation. Under calls for Interconnected Innovation Ecosystems,
Horizon Europe provides funding for proposals dedicated to exploring this role of policy
experimentation in driving innovation forward. In this context, DiD can help evaluate the
impact of these different policies, providing insight into which interventions yield the most
significant benefits.

The basic assumption of DIiD is that the control group represents what would have
happened to the treated group in the absence of treatment — this is known as the parallel
trend assumption. This assumption is critical because DiD relies on using the control group’s
trend as a valid counterfactual for what would have happened to the treated group if the
treatment had not occurred. A common way to check this assumption is through pre-treatment
trend analysis, ensuring that the trajectory of the variable of interest (i.e. dependent variable in
an econometric model) was similar for both groups before the intervention. Table 1 provides a
summary of these empirical terminologies.

As a quasi-experimental design, the DiD method does not involve the random assignment to
treatment or control groups that is typical of natural experiments or randomized controlled

10



trials (RCTs) (Dinardo, 2008). In randomised settings, random assignment helps address one
of the major challenges in empirical research: selection bias. Since randomisation is often
difficult to implement in real-life situations, quasi-experimental designs aim to approximate a
randomized trial by manipulating the variable of interest while attempting to control for other
factors. While ideal conditions for natural experiments are rare, a notional randomized trial
serves as the benchmark for causal inference (Ashenfelter, 1991; Angrist, 2009).

Nonetheless, despite its widespread use in causal inference, recent literature in applied
econometrics has explored pitfalls in the application of DID methods, as reviewed by Baker et
al., (2022) and Roth et al. (2023). One key point raised in this literature is the counterintuitive
behavior of the DiD two-way fixed effects estimator in settings within cases where
treatment adoption is staggered across different units of treatment (e.g., firms, regions,
or individuals).

The two-way fixed effects (TWFE) estimator is a common way to implement DiD when
working with panel data (i.e., repeated observations of the same units over time). The TWFE
accounts for unit-specific fixed effects (e.g., characteristics of a region/firm/individual that do
not change over time), and time-specific fixed effects (e.g., economy-wide shocks affecting all
units at the same time). TWFE is often used because it allows for controlling for unobserved
heterogeneity across both time and units. In staggered adoption, different groups receive
treatment at different times rather than all at once. This is an important point when evaluating
the impact of EU R&Il funding schemes that often launch calls at different times throughout
their lifespan of several years. This staggered timing means that beneficiaries often receive
funding in different years, creating variability in treatment adoption. A basic example is
demonstrated below.

Table 2: Basic example of a staggered adoption in TWFE method

Unit Treatment Treatment year

Researcher A Recipient of Horizon Europe 2021
funding

Researcher B Recipient of Horizon Europe 2022
funding

Researcher C Recipient of Horizon Europe 2023
funding

In the example provided in Table 2, if the TWFE estimator is used to assess how receiving
Horizon Europe funding affects individuals over time, the method compares groups that
received the programme earlier with those who received it later. For instance, when we
compare researcher A, who received the grant in 2021, with researcher B, who received it in
2022, we are not comparing a funded beneficiary with an unfunded one. Instead, we are
comparing two researchers that have both eventually benefited from the grant, just at different
times. In this case, TWFE might treat researcher B as worse-off after receiving the grant,
when in reality, this is not the case. This mechanism of TWFE lead to results that appear
more negative than they truly are (see Annex 4: Difference-in-differences estimator for an
overview of the econometrics explanation).
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One potential solution to this bias of a TWFE is to limit the analysis to two time periods: a pre-
treatment period and a post-treatment period. This way, every group is clearly either treated or
untreated, avoiding that the results underestimate the effect of receiving R&I funding. Another
option is to consider staggered DiD specification developed in econometric literature such as
Sun and Abraham (2020) and Callaway and Sant’Anna (2021) that take into account contexts
where treatments are applied at different times across units. Wooldridge (2021) also proposes
a flexible approach to handling staggered adoption by modifying the traditional TWFE model
to allows for heterogeneity in treatment effects across treatment intensity, timing, and
covariates.

4. From challenges to remedies: The ideal empirical
analysis

After tackling key challenges in empirically estimating the impact of European R&l funding on
critical policy objectives, we can now consider what an ideal experiment to address this
evaluation question would entail. This ideal experiment can then serve as a reference point to
search for existing variation or (quasi)-natural experiments that approximate this ideal
experiment.

The ideal experiment typically depends on the set of key policy of interest, and the level
of aggregation at which spillovers or equilibrium effects take place. Moreover, the ideal
experiment exogenously varies the policy between the counterfactuals of interest, at the level
at which spillovers take place.

To illustrate, suppose we are interested in the effect of decreasing grant sizes and increasing
the number of beneficiaries (i.e. counterfactual of interest), while holding the total allocated
budget under a call within Horizon Europe constant. Suppose further that we are willing to
assume that spillovers and crowd-out effects only take place within fields of research, but not
across. The ideal experiment would then exogenously vary grant sizes and number of
beneficiaries across fields and would consider aggregate outcomes at the level of fields.

To be able to replicate such an ideal experiment with real-life political and data
constraints, we need to estimate the effect of the counterfactual of interest using only
beneficiary-level variation. This entails estimating the causal effect of grant receipt versus
non-receipt (i.e., the extensive margin) and the effect of grant size (i.e., the intensive margin)
on recipients. In other words, we require beneficiary-level exogenous variation® at both
margins of grant receipt. Such variation may be identified through methods like RDD, DID
designs, and matching on covariates. These approaches help isolate exogenous variation by
comparing similar groups that differ only in their grant experiences.

In addition to the exogenous beneficiary-level variation, assumptions are needed to
extrapolate from the beneficiary level to the aggregate level in order to estimate the
overall macro effect of the counterfactual. One possible assumption would be that spillovers
are non-negative (i.e., either positive or neutral). With that assumption, any point estimate of
beneficiary-level effects immediately yields a lower bound on aggregate effects; meaning the
macro effect of the counterfactual is at least as large as the sum of the beneficiary-level. This
might be plausible if there are only knowledge spillovers, but no crowd-out effects. As
discussed under challenge 1, another possible assumption is that spillovers are exactly
cancelling the direct effects, so that aggregate effects are exactly zero.

& Exogenous variation refers to differences in grant receipt that are not driven by self-selection or other biases.
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Moving beyond assumption-driven extrapolation or bounds, we can try to find real-
world exogenous variation at the aggregate level that helps us directly measure
spillover effects. In other words, if we can identify natural variation in grant distribution
across larger groups such as regions or time periods, we can then compare the total observed
effect (i.e., aggregate level) with the measured effect on direct beneficiaries (i.e., individual
level). The difference between these two tells us the size and direction of spillover effects.
One possible source of such variation is aggregate panel data, which tracks multiple groups
over time.

To illustrate how panel data can help estimate aggregate spillover effects, consider Horizon
Europe’s European Innovation Council (EIC) grants, which are designed to support the scale-
up of start-ups and SMEs. To measure the beneficiary-level effects, we can start with a
counterfactual analysis, such as a DiD that compares the performance of grant recipients with
similar businesses that did not receive a grant. This provides an estimate of the direct impact
of the grants on the beneficiaries. Looking at panel data for the regions where SMEs received
EIC funding, we can track broader economic results and impacts (i.e. aggregate effect) such
as regional GDP growth or employment share in the years following the grant disbursement. If
the aggregate effect is at least as large as the sum of the individual effects, this suggests the
grants generated positive spillovers, for example by creating jobs, stimulating local suppliers,
or boosting regional investment. However, if the aggregate effect is smaller than expected,
this implies negative spillovers, perhaps due to competitive displacement, where grant
recipients gain market share at the expense of non-recipients, leading to net-zero or negative
regional growth. Often, individual-level estimates are more precise and reliable, but
aggregate-level estimates can still provide useful insights. By combining both, we get a more
complete and credible understanding of the policy’s overall impact.

5. Concluding remarks

Through its consecutive R&I framework programmes, the EU has consistently demonstrated a strong
commitment to R&I funding. The most recent of these programmes, Horizon Europe, spans from
2021 to 2027 with a total budget of €95.5 billion, making it the largest EU research and innovation
programme to date. Horizon Europe aims to address a broad spectrum of key EU policy objectives,
including achieving climate neutrality, enhancing global competitiveness, ensuring economic security,
and strengthening the foundations of European science and technology.

In addition to the R&l framework programmes, other competitive, multi-actor EU funding
programmes that support R&l also exist. EU4Health, LIFE programme, Digital Europe
Programme, and Connecting Europe Facility all provide competitive calls for proposal that
contribute to an innovative Europe.

Given the scale and strategic importance of EU R&l funding instruments, evaluating
their impact is not only essential to gauge their success but also to capture the breadth
of their influence across varying policy points. A thorough assessment will also provide
valuable insights, enabling policymakers to identify strengths, address potential gaps, and
ensure that the next iteration of these instruments is even more responsive to the evolving
challenges and opportunities facing Europe.

In particular, evaluators are often interested in addressing a fundamental research question:
does receiving a grant under a European R&l funding programme influence the achievement
of key policy objectives? Answering this question empirically requires employing
counterfactual analysis, which presents several methodological challenges that this paper
addresses.

The first challenge lies in recognising that the impact of such a grant may differ
between the beneficiary level and the aggregate level at a regional or national scale.
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This divergence can be attributed to spillover effects which may be negative, neutral, or
positive, as well as crowding in and out, and peer effects. To capture the impact of grants
beyond the beneficiary level, we can put forward assumptions about the nature of spillover
effects, extrapolate aggregate-level data to gain a more comprehensive understanding via
surveys or case studies, and employ regression models that combine micro and macro-level
data to explain the variation in the variable of interest.

The long-term nature of the underlying objectives of programmes like Horizon Europe
poses additional empirical challenges. Policy evaluations often need to be conducted
within time horizons that are shorter than the periods over which the programme's full effects
unfold. Empirically, this translates into an ultimate outcome of interest that takes a long time to
materialise or is difficult to observe directly. One practical approach to address this issue is the
use of surrogate variables; intermediate outcomes that are observable and are predictive of
the long-term outcome of interest.

Beyond understanding the outcomes, results, and impact of an R&l funding
programme, evaluators may also wish to examine the mechanisms through which
these effects take place. This deeper insight can be gained through mediation analysis,
which seeks to uncover the causal pathways linking grant receipt to ultimate outcomes.
However, a significant challenge in applying mediation analysis to funding programmes such
as Horizon Europe lies in the heterogeneity of treatment effects. Given that Horizon Europe
grants are distributed to a diverse range of beneficiaries including researchers, public bodies,
companies, and scientists across multiple countries, each with distinct socio-economic,
political, and institutional contexts, the pathways through which the grants create impact can
vary widely. This variation complicates the identification and quantification of mediators,
making it difficult to isolate the mechanisms responsible for observed outcomes. As a result,
caution is warranted when attempting to generalise the findings of a study examining a
specific funding instrument within Horizon Europe to the programme's broader impact.

The innate heterogeneity in the design of R&I funding scheme such as Horizon Europe
presents a distinct set of challenges. Beyond its diverse range of beneficiaries, Horizon
Europe encompasses multiple calls for proposals, each with different thematic focuses,
eligibility criteria, and grant structures. This variation in design and objectives within FPs has
significant implications for the empirical methods used to evaluate their impact. A single
methodology cannot uniformly assess all the different instruments, as funding mechanism may
require differing estimation methods with their own set of assumptions and analytical
frameworks. As a result, the outcomes of evaluations for different grants under Horizon
Europe may not directly comparable. To ensure accurate interpretations and meaningful
conclusions about the overall impact of the FP, it is essential to account for these context-
specific methodological nuances.

Lastly, well-established and popular counterfactual estimation method, such as DiD,
introduces its own set of challenges, most notably with the TWFE technique. This issue
arises when beneficiaries receive funding at different points in time, as is often the case with
most of EU R&I funding programmes that span over several years. The TWFE approach may
incorrectly treat later-stage beneficiaries as non-beneficiaries, leading to biased estimates. A
viable remedy is to establish two clear time periods: a pre-treatment period and a post-
treatment period. This ensures that each group is consistently classified as either treated or
untreated, thereby preventing the underestimation of the true effect of receiving R&I funding.
Another potential solution that is discussed under challenge 5 is to consider staggered DiD
specifications developed recently in the literature such as Sun and Abraham (2020), Callaway
and Sant’Anna (2021), and Wooldrdige (2021).

Taking all these challenges into account, the evaluation of R&Il funding programmes
presents both significant opportunities and methodological challenges. While its vast
scale and diverse objectives demand a nuanced approach, the complexity of its impact across
various levels, from individual beneficiaries to broader regional or national effects, requires
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careful consideration. For example, evaluators of Horizon Europe must carefully reflect on
their analytical approach and fully understand what their evaluations are truly capturing. A key
question is how the beneficiary-level effects of Horizon Europe translate into an aggregate-
level. To bridge this gap, evaluators need to consider whether assumptions about spillover
effects are sufficient or whether these effects can be empirically observed through panel data,
surveys, or case studies. Additionally, it is essential to ask whether the results obtained from
evaluating a particular set of beneficiaries or instruments can be generalised to other parts of
Horizon Europe. Given the diversity in thematic focuses and eligibility criteria, direct
comparability is not always guaranteed. Thus, evaluators must exercise caution and adopt
nuanced methodologies that account for the EU funding programme’s inherent
heterogeneity, ensuring that any conclusions drawn are both robust and contextually
valid.
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7. Technical Annexes

These annexes provide an overview of all the mathematical formulations and equations of the
econometric models referenced throughout this paper. This includes the structural function
models, treatment effect decompositions, and identification conditions. The annexes are
presented by model type.

7.1. Annex 1: Surrogate variables

Suppose that we are interested in estimating the average structural function
y(d) = E[h(d, €,,€,,€,)]. Suppose furthermore that we have auxiliary data, where both W and
Y are observed, and for which it holds that D is exogenously (randomly) assigned, so that

D1 (e, e€y€,), and DLY|W 1)

The latter conditional independence assumption is called the surrogacy condition. This
assumption is satisfied if there are no causal pathways from A to Y that are not mediated by
W. Two ways in which this can happen are illustrated in Figure 1. Define

y(w) =E[Y | W = w] @

Under random assignment and the surrogacy condition we get, using the law of iterated
expectations,

y(a) =E[YID=d]l=E[E[YID,WI]ID=d]
=E[E[YIW]ID=d]l=E[yW)ID=dl ©)

This allows us to identify the average structural function y(d) and related objects such as the
average treatment effect for some contrast of values for d by estimating the conditional
expectation of #(IW)given D. Put differently, the imputed values of (W )are used as outcomes
when estimating the causal effect of D.
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7.2. Annex 2: Mediation analysis

As before, denote D€{0,1} the treatment (i.e., grant receipt), M our mediator of interest (e.g.,
collaboration between the participants in a multi-beneficiary grant application), and Y the
outcome of interest (e.g., patents granted). Consider the following potential outcome
(structural function) model, where the € have arbitrary support:

M =MP =m(D,e™) (4)

Y =YPM=y(D,M,e). (5)
Based on this model, we can define the “reduced form” potential outcome Y¢,

yd = Y4 — y(d, m(d,em), ). (6)

There are various ways of decomposing the average treatment effect (ATE) of D on Y,
E[Y1-Y?]. We can, in particular, write the average treatment effect as the sum of direct and
mediated effects at baseline, plus an additional interaction effect, resulting in the 3-way
decomposition

E[Y! — Y] = E [Y*M° — YOO | + E [yoM' — yor’]
Direct effect Mediated effect
+ E [(YI.MJ' _ YO.MJ') _ (YI.MO _ YO.MO)] (7)

Interaction effect

If D is randomly (exogenously) assigned, we have (e, e') 1D, and therefore
E[M|D=d]=E[M% and E[Y |D = d] = E[Y%]. In particular,

E[YID=1]-E[Y|D=0]=E[Y*-Y°] (8)
is the average treatment effect (ATE) of D on Y. Under the strong additional assumption that
e 1Le¥|D 9)
For all m, y, we have Y¥™ 1 M¢ for all m, d, d ~, which allows us to identify the
decompositions descried above. In particular,
Ey*™] =E[YID=d,M=m], and E[Yd’-ﬂ*d]=£[£[yd’-““|Md”.
(10)

For binary M, and using randomization as well as conditional independence (9), we identify
this iterated expectation via

E[v¥ | = E[v<'*]. P(M = 1)+ E[Y¥"°] - P(M% = 0)
=E[YID=d ,M=1]-E[M|D=d]

+E[Y|D=d ,M=0]-E[1-M|D=dl.
(11)

7.3. Annex 3: Heterogeneity within the design of the funding programme

Suppose that we are able to estimate the effect of grant receipt on beneficiary outcomes for
multiple programmess. Denote our estimated effects by 3,, where p indexes programmes. In
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general, ,f__?:, will vary across p for several reasons. First, there is sampling error, so that ;{?;;éﬁp
where f3,, is the expected value of the estimator. Second, there might be effect heterogeneity
across programmes, so that g, itself varies across p. And third, different identification and
estimation approaches might imply different biases of g, relative to the true average treatment
effect of each programme.

Assume that estimates are normally distributed with known standard errors oi :

By | By~ N(By,7) (12)
Note that this follows from standard asymptotic considerations, for conventional estimators of

treatment effects. Denote 7, = ?. This is the expected value of the t-statistic 7, = E—” , SO that
» D

Tl 1, ~ N(1,,1) (13)
Because of effect heterogeneity (and possibly because of biases), the expected values 1,

have some distribution across p, and are not constant across p. Assume for the moment that
this distribution is also normal,

T, ~ N(, v?) (14)

We can now ask several questions: First, what is the average treatment effect u across
programmes, and what is the dispersion (heterogeneity) of effects v? Second, how can we
form optimal (minimum mean squared error) estimates of z,or g, for each p?

T, ~ N(u,v? + 1) (15)

From this expression, we see that p can be estimated as the average across p of 7, and v
can be estimated as the variance across p of 7, minus 1. We need to account for sampling
variability when estimating true effect heterogeneity.

Consider now the second question, regarding minimum MSE estimates of t,,. The empirical
Bayes paradigm (Robbins, 1956; Morris, 1983) suggests to take the estimated mean and
dispersion g and¥, and to consider the corresponding distribution of 1p as a prior. The
empirical Bayes estimate of 1p is then given by the posterior expectation,

G =[G udl=n+3 (G -0) (16)

vi+l

This is in fact a very good estimator of the 7,. It uniformly dominates 7, in terms of mean
squared error, by the arguments of James and Stein (1961); Stein (1981).

This approach can be generalized if there are study-level covariates Xp. In a modification of
the setup introduced above, assume that the distribution of t,, conditional on X; is given by:

T, | X, ~ N(X, - y,v?) 17)

Then y can be estimated by OLS regression ofz,,on X,, and v, can be estimated as the residual
variance minus 1. The empirical Bayes estimator of z,is then given by

T Xp?-i"\]sz '?_";';%'(T;_Xp ?)
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The coefficients y might furthermore be of independent interest. These coefficients relate
heterogeneity in programme effects 7, to observable programme features Xp.

7.4. Annex 4: Difference-in-differences estimator

To demonstrate the inefficiency of the two-way fixed estimator under DiD estimation, consider
a balanced panel of beneficiaries i over multiple time periods t, with a binary treatment
indicator D and outcome Yi. Suppose that we estimate the following two-way fixed effects
regression:

Vi=o; + B+ Dy + €. (19)

By the Frisch-Waugh-Lovell theorem, we can write the OLS coefficient y as the coefficient of a

univariate regression of Y on D, — D,q,
o _ T YirDi—Dy)
¥ St ! (20)
where Dt is the predicted value from a regression of Di on individual and time fixed effects.
This predicted value can in turn be written as

D.=D+D-D, (21)
where D; is the average of Di over time for individual i, D; is the average across individuals,
and D is the average over all observations.

Suppose now that we are in a setting with staggered adoption, where a beneficiary remains
treated once they have been treated at any point, and most beneficiaries in the data are
treated eventually. Then the outcomes of early adopting beneficiaries receive negative
weights in later time periods, since for these beneficiaries and periods both D; and D, are close
to 1, while D is necessarily less than 1. If long run-treatment effects are larger than short-run
treatment effects, as is often plausibly the case, then it might follow that B is negative, even if
all treatment effects are positive.
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Evaluating the causal impact of the European Union (EU) research
and innovation (R&I) funding programmes presents substantial
empirical challenges. This paper examines the complexities
involved in quantifying these impacts, which often arise from the
multifaceted nature of these programmes — particularly the
Framework Programmes. These challenges stem mainly from the
diversity of instruments and goals within the programme, and the
wide range of beneficiaries. This paper highlights these
methodological challenges and offers potential solutions to address
them. By tackling these challenges, the study aims to support more
reliable evaluations of the impact of the EU R&lI funding
programmes on key policy objectives.
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