
 

A Work Project, presented as part of the requirements for the Award of a Master’s degree in 

Economics from the Nova School of Business and Economics. 

 

 

 

THE ECONOMIC IMPACT OF ACADEMIC RESEARCH INSTITUTIONS: MEASURING 

CONTRIBUTIONS TO PRODUCTIVITY AND GROWTH 

 

 

 

 

PEDRO RIBEIRO DE MAGALHÃES AZENHA 

 

 

 

 

Work project carried out under the supervision of: 

 

Prof. Francesco Franco 

 

 

29/01/2026   



1 

 

Abstract: This study investigates how higher-education R&D relates to business R&D using 

fixed-effects panel regression with annual data from 1995 to 2024. A 1% increase in HERD is 

associated with ~0.3–0.35% rise in BERD over 1–2 years; point estimates are stable across 

timing yet imprecise under small-G wild-cluster bootstrap. First-differences and an error-

correction model indicate modest short-run effects and medium-run convergence. A simple 

foreign-HERD measure is negative, and domestic elasticities are larger in high-intensity HERD 

settings. Instrumental variables are weak and dynamic GMM exploratory. Findings support 

medium-run associations and motivate sustained HERD where absorptive capacity is strong. 
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1. Introduction (1 page) 

Universities are central producers of frontier knowledge, and a long tradition in innovation 

economics argues that their research can catalyze private R&D through diffusion, talent 

mobility, and collaboration. We study this link by assembling an annual panel for 37 OECD 

countries over 1995–2024 (1,110 country–years) and asking whether higher-education R&D 

(HERD) crowds in business R&D (BERD). Our design compares each country to itself over 

time in log models with two-way fixed effects, explores timing (up to three lags), and reports 

inference that is conservative for a 37-cluster panel (wild-cluster pairs bootstrap).  

The baseline estimates point to a meaningful medium-run elasticity—on the order of one-third: 

when HERD rises, BERD tends to rise over the following one to two years. First-difference and 

error-correction formulations show modest short-run responses and gradual convergence, and 

adding country-specific trends attenuates the one-year coefficient, consistent with co-

movement building over several years rather than sharp annual spikes.  

Extensions suggest a negative coefficient on foreign HERD—plausibly short-run input 

competition in global R&D markets—and a larger domestic association in high-intensity R&D 

environments, consistent with absorptive-capacity mechanisms. Instrumental-variables 

attempts based on deeper-lag macro shifters are weak, and dynamic-panel GMM is exploratory; 

we therefore emphasize fixed-effects associations.  

A complementary TFP exercise does not detect robust one-year effects, pointing to a primary 

near-term channel via firm R&D. The paper details data construction, econometric strategy, 

results, and limitations, and maps priorities for sharper identification. The structure of the paper 

is outlined as follows. Section 2 reviews existing literature concerning university-to-industry 

knowledge transfer, as well as on the methodologies employed in prior studies. Section 3 

outlines the data handling methods and descriptive statistics for our variables. Sections 4 and 5 

present and discuss our methodology and alternative approaches, as well as the results. Finally, 
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Section 6 identifies the study’s main limitations and addresses paths for future research while 

Section 7 concludes by summarizing the key findings. An Appendix provides additional 

evidence to assist the analysis. 

2. Literature Review  

It is recognized that creating and applying new knowledge is the primary driver of economic 

growth, and universities are widely recognized as major sources of such knowledge, especially 

in science and technology. It is therefore crucial to clarify the mechanisms by which university 

science moves into the economy. The economic literature on university-to-industry knowledge 

transfer is commonly grouped into four categories: firm characteristics (absorptive capacity, 

organization, partnerships); university characteristics (licensing regimes, patenting incentives, 

equity policies); geography (localized spillovers and the spatial firm–university relationship); 

and channels of knowledge transfer (publications, patents, and related routes).  

Firm Characteristics 

This branch of research originates from Cohen and Levinthal (1990) who introduce absorptive 

capacity—the ability to recognize and exploit external knowledge— as a function of a firm’s 

own R&D. Using a cross-section of U.S. manufacturing sector surveys, they regress R&D 

intensity—measured by the R&D-to-sales ratio—on measures of technological opportunity and 

appropriability, reporting OLS, GLS, and Tobit estimates. The results support their two 

predictions: first, relevance of basic science is more strongly associated with R&D intensity 

than applied science; second, the effect of increasing appropriability on R&D intensity is 

significantly greater in industries where applied science is especially relevant. They conclude 

that in-house R&D builds abortive capacity, making firms better able to assimilate and exploit 

new knowledge. Cockburn and Henderson (1998) build on this notion, adding that the degree 

to which firms are “connected” to universities is also important for utilizing knowledge 
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spillovers. Lim (2000) restructures the above two concepts and argues that the absorptive 

capacity of firms is primarily a function of their connectedness, of which its investment in R&D 

is just one of several components. 

University Characteristics 

Papers in this area refer mostly to the Bayh-Dole Act of 1980 (Office of the Law Revision 

Counsel 2025), which granted universities the right to license inventions from federally funded 

research. The key question is how this reshaped university intellectual property (IP) policies, 

faculty commercialization incentives, and whether these incentives shifted the average type of 

research from basic toward more applied science. Henderson et al. (1998) investigate overall 

patent quality over 1965–1988. Using all university U.S. patents (1965–mid-1992), a 1% 

random sample of all U.S. patents, and the post-1974 patents that cite each set, they compare 

university patents with a random sample along two dimensions: “importance,” measured by 

forward citations, and “generality,” measured by the dispersion of citing patents across classes. 

Their data show that university patents were more cited and more general than a random sample, 

but that edge disappeared—suggesting Bayh–Dole increased patenting more than it raised the 

rate of commercially important inventions. 

Geography in Terms of Localized Knowledge Spillovers   

Works in this area measure how knowledge inputs and outputs co-move across area, with both 

the inputs/outputs and the geographic unit of analysis varying by study. The idea that a 

connection between universities and industries is crucial for the effective commercialization of 

knowledge is underscored by Jaffe (1989), who argues that regions improving their university 

research systems increase local innovation both by attracting industrial R&D and augmenting 

its productivity. His work explores geographically mediated “spillovers” by relating U.S. state-

level corporate patents over time to industry R&D and university research efforts in a Griliches 

(1979) (modified Cobb-Douglas). Using U.S. state-level time series on patents registered at the 
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U.S. Patent Office (proxy for economically useful knowledge), corporate R&D, and university 

research, he finds that corporate patenting responds positively not only to private R&D but also 

to university research within the state, with effects concentrated within technical fields. At the 

same time, evidence on the role of simple geographic proximity is clouded: “There is only weak 

evidence that spillovers are facilitated by geographic coincidence of universities and research 

labs within the state” (Jaffe, 1989, p. 968), and the effect appears more clearly within technical 

areas than in the aggregate across areas, suggesting targeted rather than diffuse impacts of 

research universities. Extending the spatial lens, Jaffe et al. (1993) connect input original 

patents to output patents that cite the originals and examine how this link varies at the city level, 

while Audretsch and Feldman (1996) relate local university research funding to local industry 

value added at the state level, further documenting that the strength and localization of 

spillovers depend on both the type of input–output measure and the geographic scale. 

Channels of Knowledge Transfer 

This stream of research examines the channels transferring knowledge from universities to 

industry—publications, patents, consulting, informal meetings, recruiting, licensing, joint 

ventures, and personal exchange. Cohen et al. (1998) assess the perceived importance of these 

channels using a survey of U.S. manufacturing R&D lab managers finding wide sectoral 

variation and generally higher ratings for publications, conferences, informal conversations, 

and consulting than for patents or licensing. Using the same survey, Cohen et al. (2000) 

emphasize that publications, consulting, and open meetings/conferences dominate patent 

licensing and student recruiting. In a policy context, Bloom et al. (2019) review innovation 

instruments—R&D tax incentives, research grants, IP protection, human-capital investments, 

and pro-competitive policies—and argue that knowledge spillovers are a central market failure, 

with social returns to R&D persistently exceeding private returns, thereby justifying 

government support while recognizing IP trade-offs.  
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The literature discussed thus far provides a comprehensive understanding of knowledge transfer 

mechanisms and policy considerations. To motivate our empirical strategy, we draw on the 

framework by Moretti et al. (2019).They use two complementary longitudinal datasets—a 

country-industry-year level dataset for OECD countries and a firm-year-level dataset for 

France—to address two related questions.  

 Estimate the effect of government-funded R&D on private R&D—namely, whether 

government funded R&D in each country and industry displaces or fosters private R&D in the 

same country and industry. Second, having found evidence of a positive effect, they estimate 

how investment in R&D affects productivity. For both types of analysis, the work assesses 

whether the gains of public R&D investment are limited to a single country or spill over across 

several countries. 

Leveraging predicted defense R&D as an instrument (national defense shifts interacted with 

fixed industry exposure) and rich fixed effects, they find crowding-in of private R&D, within-

industry international spillovers, and positive productivity effects. 

3. Data 

Our dataset integrates three OECD sources—STAN (2025a), ANBERD (2025b), and MSTI 

(2025c)—and includes annual observations for 37 OECD countries over 30 years (1995-2024), 

resulting in a panel of 1,110 rows and 10 columns. Variables encompass BERD as the 

dependent variable, GERD, HERD as the primary independent, GDP as a key control, and 

others like NOE, PGO, VAP, and WAG serving as controls or instruments. A summary of the 

variables used is available in Appendix A.1. Variable labels clearly define BERD as business 

R&D (the outcome), HERD as higher education R&D (the spillover source). Before any 

transformation we quantify missingness, as it poses a significant challenge, ranking variables 
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by the share of missing values and highlighting where gaps cluster along the country and year 

dimensions (See Appendix A.2).  

Preprocessing mitigates these issues through a two-step, within-country imputation to retain the 

panel while preserving its time structure. First, we linearly interpolate gaps within each 

country’s time series, which reduces missing variables and the remaining gaps are filled via 

group-wise medians (by country) and overall medians, achieving zero missing variables across 

numeric variables.  

We replicate all specifications on an observed-only panel (no interpolation/median fill), results 

are reported in Appendix C (Figures 25-41). Estimates are broadly consistent in spirit but less 

precise and sometimes unstable—e.g., some TWFE HERD coefficients attenuate or even 

change sign—reflecting the smaller, more unbalanced sample and strict calendar lags that drop 

additional observations. Our main tables therefore report the interpolated panel and use the 

observed-only results as a sensitivity check. 

The null of normality is rejected across the board, after we run Jarque–Bera tests, which 

motivates the use of natural logs in the analysis, to address skewness, help us stabilize variance 

and interpret coefficients as elasticities. Lags, specifically one-, two-, and three-year lags of the 

key R&D series are computed pre-logs to preserve temporal integrity, and intensity measures 

facilitate subgroup splits ; full diagnostics in Table 6 Appendix A.3. 

Descriptive statistics (Table 5; Appendix A.3) indicate strong right-skewness and fat tails for 

BERD/HERD, with dispersion dominated by country size rather than outliers within countries. 

This also motivates the use of log transformations and a two-way FE design to purge level 

differences.   

Our correlation diagnostics tell a clear story. In levels, the big aggregates mostly move together 

because of country size; after logging, the pattern is more informative. BERD remains closely 

tied to research spending (𝝆(𝑩𝑬𝑹𝑫,𝑯𝑬𝑹𝑫) ≈ 𝟎. 𝟗𝟔) and still correlates with macro scale, so 
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we avoid cross-sectional interpretations. This is exactly why the main estimates use logs with 

country and year FE. For IV, PGO shows the right shape: weak correlation with BERD (ρ≈0.16) 

yet strong links to macro determinants like wages (𝝆 ≈ 𝟎. 𝟗𝟏), supporting instrument relevance 

for HERD without predicting the outcome directly. Complete correlations are in Table 5;  

Appendix A.3. 

Panel unit-root diagnostics on logged levels are mixed: Levin–Lin–Chu rejects a unit root for 

R&D aggregates while Im–Pesaran–Shin is less decisive; GDP looks non-stationary. We treat 

the series as highly persistent, estimate levels with two-way FE and lags, confirm robustness 

using first differences and estimate a dynamic GMM specification to address persistence. 

In sum, these preliminaries align with OECD trends, where R&D spending has grown, with 

business sectors dominating but higher education providing foundational spillovers. Overall, 

preliminaries highlight positive HERD-BERD ties, data imbalances addressed via imputation, 

and need for panel methods to handle non-stationarity and fixed effects. 

4. Methodology 

4.1. Main Regression 

In order to evaluate the spillover effects of Higher Education R&D (HERD) on Business 

Enterprise R&D (BERD) we run a two-way fixed-effects (TWFE) regression that compares 

each country to itself over time, while controlling for any world-wide year shocks. 

The dependent variable is the logarithm of business enterprise R&D, ln⁡(BERD)𝑖,𝑡. The 

regressor of interest is the logarithm of higher-education R&D measured either 

contemporaneously or at lags 𝑘 ∈ {1,2,3}, written ln⁡(HERD)𝑖,𝑡−𝑘. Controls capture macro 

scale and cost conditions with ln⁡(GDP)𝑖,𝑡, ln⁡(𝑁𝑂𝐸)𝑖,𝑡 (number of employees), ln⁡(𝑉𝐴𝑃)𝑖,𝑡 

(value added) and ln⁡(𝑊𝐴𝐺)𝑖,𝑡⁡(wages and salaries). All variables are log-transformed so 
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coefficients are elasticities and to mitigate skewness typical in cross-country R&D series. The 

baseline specification reads as follows: 

ln⁡(𝐵𝐸𝑅𝐷)𝑖,𝑡 = 𝛽𝑘⁡ln⁡(𝐻𝐸𝑅𝐷)𝑖,𝑡−𝑘 + Г′𝑋𝑖,𝑡−1 + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡         (1) 

Country fixed effects, 𝛼𝑖, purge time-invariant national characteristics—institutions, long-run 

innovation culture, structural industrial mix—that could confound levels and year fixed effects, 

𝛿𝑡, absorb global shocks such as technology waves or business cycles that hit all countries at 

once. 

We first estimate a contemporaneous model (𝑘 = 0) to capture immediate crowd-in or crowd-

out effects and then we re-estimate the model with 𝑘 = 1, 𝑘 = 2 and 𝑘 = 3 to infer about 

delayed transmission consistent with budgeting cycles, hiring, and project formation between 

universities and firms. Finally, we estimate a distributed-lag specification including all lags 

simultaneously, delivering a cumulated elasticity that is economically interpretable as the total 

response over a three-year window.  

Baseline uncertainty is computed with heteroskedasticity- and autocorrelation-robust standard 

errors clustered by country, which secure against serial correlation in long panels. Moreover, 

as the number of clusters is modest (37), we complement these with country-cluster pairs-

bootstrap p-values (resampling countries, 𝐵 = 9,999, two-sided percentile) and treat the 

bootstrap p-values as our primary significance metric. The goal is to avoid the downward-biased 

standard errors from treating observations as independent and reduce small-cluster distortions 

in inference. 

We summarize the country effects themselves as we formally compare fixed effects against 

random effects with a Hausman test (favoring FE), Figures 4 & 5 in Appendix A.4.1 plot the 

estimated country fixed effects 𝛼𝑖, showing large, persistent cross-country differences in 

baseline BERD even after conditioning on covariates. 
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To round out the fixed-effects family, we add two small, within-FE extensions that are direct 

perturbations of equation (1). First, we infer about international spillovers by adding a lagged 

foreign HERD term— the log of the average HERD of all other countries (country 𝑖 excluded), 

lagged one year—entered alongside the usual lagged domestic HERD and controls; estimation 

remains two-way FE.  

Second, we probe heterogeneity by R&D environment by allowing the domestic HERD 

coefficient to vary with a country’s baseline HERD intensity. These are descriptive extensions 

(not new identification strategies): the foreign term speaks to cross-border diffusion, while the 

intensity interaction asks who responds more. Full equations and results are reported in the 

Extensions section. 

4.2. Robustness Checks  

We stress-test the fixed-effects estimate of how ln⁡(𝐵𝐸𝑅𝐷) responds to ln⁡(𝐻𝐸𝑅𝐷) with two 

complementary checks that ask whether the FE elasticity survives the removal of trends and 

reallocations of the HERD timing. 

First, we re-estimate the relationship using first differences (FD) which removes each country’s 

fixed component and any country-specific linear trend, so what’s left is the co-movement in 

changes, and —together with year dummies—captures broad global shocks and provides a 

directional check on the baseline elasticity: 

𝛥𝑙𝑛(𝐵𝐸𝑅𝐷)𝑖,𝑡 = 𝛿𝛥𝑙𝑛(𝐻𝐸𝑅𝐷)𝑖,𝑡−1 + 𝜃′𝛥𝑍𝑖,𝑡−1 + 𝛼𝑖 + 𝛿𝑡 + 𝑢𝑖,𝑡        (2) 

The specification includes year fixed effects in first differences (𝛿𝑡) and uses differenced 

controls 𝛥𝑍𝑖,𝑡−1. 

In this setting the one-year lagged 𝑙𝑛⁡(𝐻𝐸𝑅𝐷) coefficient is essentially zero and imprecise 

(bootstrap p-value: 0.743). When we widen the horizon, a small positive effect shows up at 

two years ≈ 0.06 (SE: 0.028; bootstrap p-value: 0.531), but the three-year estimate is again 
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imprecise (bootstrap p-value: 0.996). Fit is very low in all FD models, which is expected 

because differencing removes most of the slow-moving signals and amplifies noise. The 

implication for our FE estimates is straightforward: FD does not provide strong confirmation 

of the FE elasticity at the one-year frequency, but it also does not overturn it; if anything, it 

suggests that any spillover is modest and operates over longer horizons. (See Figures 6 to 9; 

Appendix A.4.2) 

As we will see in our Results section, there is a FE–FD gap consistent with long-run 

cointegration relationships rather than short-run spillover effects. If BERD and HERD share a 

long-run equilibrium, FE in levels loads on that medium-run co-movement, whereas FD 

differences strip those slow components and leave small short-run signal. In fact, in Figure 10 

Appendix A.4.2, we add country-specific linear trends to our TWFE model reduces the one-

year elasticity of  BERD with respect to HERD from ≈ 0.324 in the baseline to ≈ 0.187 (SE: 

0.12; bootstrap p-value: 0.989), rendering it statistically indistinguishable from zero. This 

behavior is exactly what we would expect if the levels specification was capturing medium-run 

co-movement between university and private R&D (a cointegrating relation). In other words, 

once we purge country-specific drifts, the one-year impact is modest.  

Furthermore, to directly test this, in Appendix B, we run an Error Correction Model (ECM). 

The short-run elasticity of BERD with respect to HERD is modest (≈0.16), while the lagged 

deviation from the long-run relation enters strongly negative (≈−0.10), implying convergence 

toward equilibrium with a half-life of 6.3 years. This pattern—small impact term with 

significant error correction—confirms that our TWFE levels estimates reflect medium-run co-

movement rather than a sharp one-year spillover. 

Second, we use two alternative lag structures, a distributed lag structure that infers if our within-

country elasticity is stable when we allow the response to be distributed along current and one-

year lagged ln⁡(𝐻𝐸𝑅𝐷) and a 3-year moving-average of ln⁡(𝐻𝐸𝑅𝐷) that smooths 
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idiosyncrasies in the annual HERD series and emphasizes the underlying medium-run 

movement rather than noisy single-year bumps:  

Distributed-lag FE: 

𝑙𝑛(𝐵𝐸𝑅𝐷)𝑖,𝑡 = 𝛽0𝑙𝑛(𝐻𝐸𝑅𝐷)𝑖,𝑡 + 𝛽1𝑙𝑛(𝐻𝐸𝑅𝐷)𝑖,𝑡−1 + 𝛤′𝑋𝑖,𝑡−1 + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡        (3) 

Moving-average FE 

𝑙𝑛(𝐵𝐸𝑅𝐷)𝑖,𝑡 = 𝛽̅𝑙𝑛(𝐻𝐸𝑅𝐷_𝑚𝑎3, 𝑖, 𝑡 − 1) + 𝛤′𝑋𝑖,𝑡 − 1 + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡       (4) 

with 

𝑙𝑛(𝐻𝐸𝑅𝐷_𝑚𝑎3, 𝑖, 𝑡) =
1

3
[ln(𝐻𝐸𝑅𝐷)𝑖,𝑡 + ln(𝐻𝐸𝑅𝐷)𝑖,𝑡−1 + ln(𝐻𝐸𝑅𝐷)𝑖,𝑡−2]        (5) 

The alternative-lag specs line up with the baseline. In the distributed-lag FE, the effect is split 

across 𝑡 and 𝑡 − 1 about ≈ 0.195 (S.E: 0.067) contemporaneously and ≈ 0.156 (S.E: 0.066) at 

one year, implying a cumulative elasticity (𝜷𝟎 + 𝜷𝟏) ≈ 0.35—virtually identical to the single-

lag FE. The 3-year moving-average of ln⁡(𝐻𝐸𝑅𝐷), yields an elasticity around 0.336 (S.E: 

0.083). However, once we use country-cluster bootstrap p-values, these effects are not 

statistically distinguishable from zero (single-lag ≈ 0.975; distributed-lag p for the 

contemporaneous term ≈ 0.966; MA3 ≈ 0.995). The message is that our within-country 

elasticity is not sensitive to how we time HERD, but precision is limited when we guard against 

over-rejection. The separate p-value for the distributed-lag 𝑡 − 1 term is not reported because 

the parameter is not well identified in the bootstrap due to collinearity. This stability of point 

estimates across lag structures suggests a stable medium-run association consistent with crowd-

in, but not statistically distinguishable from zero under our small-G-robust bootstrap. (See 

Figure 11 Appendix A.4.2) 

4.3. Extensions to the Fixed Effects Specification  

We address cross-country spillovers by augmenting equation (1) with a country-external 

research term. For each country–year pair we construct the foreign HERD as the average HERD 
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of all other countries (country 𝒊 excluded), take logs, and lag one year and then we re-estimate 

the two-way FE model including both the usual lagged domestic 𝐥𝐧⁡(𝑯𝑬𝑹𝑫𝒊,𝒕−𝟏) and the 

lagged foreign term, along with the lagged controls and clustered standard errors. 

In Figure 12 (Appendix A.4.3), we have that the domestic elasticity is essentially the same as 

the single-lag FE estimate without the foreign term ≈ 𝟎. 𝟑𝟎𝟓 (S.E: 0.034). By contrast, the 

coefficient on lagged foreign HERD is negative about ≈ −𝟒. 𝟑𝟔, (S.E: 1.67) but neither the 

domestic nor the foreign term is statistically different from zero under our country-cluster 

bootstrap (p-value: 0.955 and p-value: 0.885, respectively). The domestic and foreign 

regressors are only weakly correlated in our data (𝝆⁡ ≈ 𝟎. 𝟐𝟏), so the negative foreign 

coefficient is not an artifact of near collinearity with domestic HERD. A negative coefficient 

on foreign HERD may be consistent with global input competition: if R&D labor and 

specialized research capacity are internationally mobile and inelastically supplied in the short 

run, an expansion of university research abroad can pull researchers, projects, and 

complementary private R&D away from the domestic economy, crowding out local BERD; but 

as we use a raw average that ignores economic links (trade, collaboration, geography) and is 

also potentially endogenous, we interpret the foreign coefficient cautiously. 

University R&D may translate into business R&D only where firms have enough absorptive 

capacity Cohen and Levinthal (1990)—a thick R&D base, skilled labor, and complementary 

assets. To examine this heterogeneity without changing identification, we keep the same TWFE 

design and compare elasticities across two environments defined by the sample-median of 

HERD intensity. We use HERD intensity (HERD as a share of GDP) as proxy for country’s 

R&D environment, compute the overall sample median of HERD intensity (across all country–

years) and split the panel into two groups, a high intensity group corresponding to observations 

with 𝐻𝐸𝑅𝐷⁡𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦⁡ ≥ ⁡𝑚𝑒𝑑𝑖𝑎𝑛 and a low intensity group corresponding  to observations 

with 𝐻𝐸𝑅𝐷_𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦⁡ < ⁡𝑚𝑒𝑑𝑖𝑎𝑛. 
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The same two-way FE model as the baseline is re-estimated—same lagged domestic 

𝑙𝑛(𝐻𝐸𝑅𝐷), same lagged controls 𝑋𝑖,𝑡−1, country fixed effects 𝛼𝑖, year fixed effects 𝛿𝑡, and 

country-clustered SEs—separately for each subsample. This keeps coefficients directly 

comparable. 

Formally, the two split-sample regressions are: 

ln⁡ 𝐵𝐸𝑅𝐷𝑖𝑡 = 𝛽𝐻ln⁡ 𝐻𝐸𝑅𝐷𝑖,𝑡−1 + Γ𝐻′
𝑋𝑖,𝑡−1 + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡(𝑖, 𝑡) ∈ ℋ      (6) 

and 

ln⁡ 𝐵𝐸𝑅𝐷𝑖𝑡 = 𝛽𝐿ln⁡ 𝐻𝐸𝑅𝐷𝑖,𝑡−1 + Γ𝐿′
𝑋𝑖,𝑡−1 + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡(𝑖, 𝑡) ∈ ℒ        (7) 

where ℋand ℒ denote the high- and low-intensity sets. 

The elasticity in the high-intensity group, 𝜷̂ℋ = 𝟎. 𝟐𝟐𝟔 (S.E: 0.0667); however, the country-

cluster bootstrap p-value yields 0.973, so we do not reject zero under small-G-robust inference. 

The low-intensity estimate, 𝜷̂ℒ = −𝟎.𝟎𝟕𝟗 (S.E: 0.049; bootstrap p-value: 0.952), is not 

significant by either method. Other controls behave similarly across groups, and within-R² 

remains modest in both. (see Figure 13; Appendix A.4.3) Interpreted alongside the pooled FE 

result, the pattern suggests that most average elasticity is largely driven by high-intensity 

countries, while low-intensity countries show little immediate response.  

Under small-G-robust inference, however, the high-intensity coefficient is imprecisely 

estimated and not statistically different from zero, so we view this as descriptive heterogeneity 

rather than a sharp difference in effects. The evidence suggests absorptive capacity matters—

firms in advanced economies better leverage university R&D but we refrain from causal claims. 

4.4. Identification & Threats to Validity 

Society–industry collaboration has gained prominence in recent years and is viewed as a key 

driver of countries’ economic development, extending to entrepreneurial research and 

innovations that benefit society Audretsch et al. (2025). As in Moretti et al. (2019), our equation 
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(1) controls shocks that affect private R&D and may correlate with university R&D; two-way 

fixed effects absorb time-invariant country heterogeneity and common global shocks. However, 

they do not eliminate time-varying, country-specific shocks that can simultaneously move 

university budgets and firm R&D, as this type of expenditure is unlikely to be random. 

Variation in university R&D may reflect governments adjusting university budgets to sectoral 

conditions, universities targeting funds toward regions or fields facing shocks, and firms re-

optimizing R&D plans in partly unobserved ways; thus, university R&D may contain an 

endogenous component. 

4.5. IV Estimation 

To address endogeneity arriving from the fact that university budgets and private R&D may 

react to common shocks (e.g., reverse causality: high BERD demands more HERD) we estimate 

an IV/2SLS version of the lag-1 model that treats ln⁡(HERD𝑖,𝑡−1) as endogenous and 

instruments it with deeper-lag macro shifters that act as budgetary drivers rather than direct 

determinants of current firm R&D. 

Our specification uses 𝑡 − 2 macro shifters as instruments for HERD at 𝑡 − 1. The 𝑡 −

2⁡variables are good at predicting next year’s HERD (relevance), but—once we control for 

country dummies, year dummies, and the 𝑡 − 1 macro controls—they should not directly move 

firms’ HERD at 𝑡 (exogeneity).  

The first stage regresses ln⁡(𝐻𝐸𝑅𝐷𝑖,𝑡−1) on the instrument vector 𝑍𝑖,𝑡−2, the control vector 

𝑋𝑖,𝑡−1, and the same country and year fixed effects as the baseline:  

ln(𝐻𝐸𝑅𝐷𝑖,𝑡−1) = 𝑍𝑖,𝑡−2⁡
′ 𝜋 + Г′𝑋𝑖,𝑡−1 ⁡+ 𝛼𝑖 + 𝛿𝑡 + 𝑣𝑖,𝑡          (8) 

The second stage replaces ln⁡(𝐻𝐸𝑅𝐷𝑖,𝑡−1) with its fitted value from the first stage in equation 

(1):  

ln(𝐵𝐸𝑅𝐷𝑖,𝑡) = 𝛽𝐼𝑉⁡ln⁡(𝐻𝐸𝑅𝐷)𝑖,𝑡−1
̂ + Г′𝑋𝑖,𝑡−1 + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡         (9) 
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We use lagged macro shifters 𝑍𝑖,𝑡−2 (e.g., ln⁡ 𝑃𝐺𝑂, ln⁡ 𝑉𝐴𝑃, ln⁡𝑊𝐴𝐺) as predictors of 

ln⁡(𝐻𝐸𝑅𝐷𝑖,𝑡−1) conditional on country effects 𝛼𝑖, year effects 𝛿𝑡, and controls Γ′𝑋𝑖,𝑡−1. The 

exclusion restriction is that, once we condition on 𝛼𝑖, 𝛿𝑡 and 𝑋𝑖,𝑡−1, these 𝑡 − 2 shifters affect 

current private R&D only through their effect on next year’s university R&D—not directly 

through today’s business R&D decisions. Intuitively, they proxy medium-run public-budget 

and cost conditions that shape university funding, while any remaining contemporaneous 

effects on firms are absorbed by the controls and fixed effects. This model is tested and 

discussed in the Results section below. (See Figure 19; Appendix A.4.5) 

4.6. Generalized Method of Moments  

Private R&D is highly persistent as today’s value of BERD partly reflects yesterday's BERD 

because projects span years, hiring and contracts adjust slowly, and budgets are sticky. By 

including ln⁡(𝐵𝐸𝑅𝐷𝑖,𝑡−1) on the right–hand side, to reflect this gradual adjustment, our plain 

fixed effects estimator becomes biased (Nickell bias)1. Dynamic panel GMM (Arellano–Bond 

/ Blundell–Bond) uses internal lags of the variables as instruments to identify the persistence 

parameter 𝜌 and the elasticity of BERD with respect to university R&D, while controlling for 

fixed effects and allowing regressors to be endogenous or predetermined. 

We keep the lag in the model, so we still allow persistence, but we instrument ln⁡(𝐵𝐸𝑅𝐷𝑖,𝑡−1) 

with older lags that are correlated with ln⁡(𝐵𝐸𝑅𝐷𝑖,𝑡−1) but not with today’s error. Concretely, 

the dynamic specification we estimate is:  

 

1 Nickell (1981) defines Nickell bias as the finite-T bias that arises when estimating a dynamic panel with unit fixed effects, 

e.g. 𝑦𝑖𝑡 = 𝜌 𝑦𝑖,𝑡−1 + 𝛼𝑖 + 𝑢𝑖𝑡, as 𝑁 → ∞ with 𝑇 fixed. The within (FE/LSDV) estimator of 𝜌 is biased of order 𝑂(1/𝑇) because 

𝑦𝑖,𝑡−1 remains correlated with the transformed error term after removing 𝛼𝑖. For 𝜌 > 0 the bias is typically negative 

(downward), and a common approximation in the AR(1) case is Bias(𝜌̂𝐹𝐸) ≈ −
1+𝜌

𝑇−1
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ln(𝐵𝐸𝑅𝐷𝑖,𝑡) = 𝜌 ln(𝐵𝐸𝑅𝐷𝑖,𝑡−1) + ∑ 𝛽𝑘

3

𝑘=1
ln(𝐻𝐸𝑅𝐷𝑖,𝑡−𝑘) +⁡Г′𝑋𝑖,𝑡−1 + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡 

(10) 

We estimate two dynamic-panel GMM implementations. First, a Difference GMM (Arellano–

Bond) that differences the equation to remove country fixed effects, treats the lagged dependent 

variable, ln(𝐵𝐸𝑅𝐷𝑖,𝑡−1), as endogenous, and instruments it with deeper lags in levels; in this 

specification, ln(𝐻𝐸𝑅𝐷𝑖,𝑡−1) and controls enter as predetermined. Second, a System GMM 

(Arellano–Bover/Blundell–Bond) that stacks difference and level equations, using internal lags 

for both ln(𝐵𝐸𝑅𝐷𝑖,𝑡−1) and ln(𝐻𝐸𝑅𝐷𝑖,𝑡−1): lagged levels instrument the differenced equation 

and lagged differences instrument the level equation (implemented with forward-orthogonal 

deviations and two-step robust covariance). Diagnostics diverge. In Difference GMM with 

collapsed, short-lag instruments, AR(1) is significant (as expected after differencing) while 

AR(2) is not, and the Sargan test fails to reject, so the instrument set is admissible; yet 

coefficients are fragile—very high persistence and an insignificant, even slightly negative, one-

year HERD effect—so the safe takeaway is strong BERD persistence with no clear short-run 

HERD effect once dynamics are modeled. In System GMM, AR(2) does not reject but Sargan 

strongly rejects, rendering those estimates invalid for inference. We therefore regard Difference 

GMM as admissible but fragile, System GMM as invalid, and center conclusions on the FE and 

IV results, reporting GMM as a transparent dynamic complement. (See Appendix A.4.6; 

Figures 21 & 22) 

4.7. TFP Analysis with Lagged HERD 

To connect R&D movements to an economically meaningful outcome, we construct country–

year total factor productivity (TFP) growth and relate it to lagged university and business R&D. 

We first build a Solow-residual measure of TFP from value added, employment, and prices, 

then relate it to lagged HERD and BERD in a two-way FE framework. Coefficients are 
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elasticities: 𝜃 tells us the percentage change in TFP associated with a 1% increase in last year’s 

university R&D (holding country/year effects and macro controls fixed), and 𝜙 does the same 

for firm R&D. The one-year lag targets near-term spillovers; country and year fixed effects take 

care of time-invariant national traits and common global shocks, so we focus on within-country 

movements. We proxy Total Factor Productivity as a Solow-residual using a Cobb–Douglas 

production function with real value added (𝑉𝐴𝑃𝑖,𝑡), employment (𝑁𝑂𝐸𝑖,𝑡), gross fixed capital 

stock (𝑃𝐺𝑂𝑖,𝑡) and a fixed labor share 𝜶⁡ = ⁡𝟎. 𝟔: 

𝑇𝐹𝑃𝑖,𝑡 = ln⁡(𝑉𝐴𝑃)𝑖,𝑡 − 𝛼 ln(𝑁𝑂𝐸)𝑖,𝑡 − (1 − 𝛼)ln⁡(𝑃𝐺𝑂)𝑖,𝑡             (11) 

We then estimate a two-way fixed-effects model with lagged covariates: 

𝑇𝐹𝑃𝑖,𝑡 = 𝜃ln⁡(𝐻𝐸𝑅𝐷)𝑖,𝑡−1 + 𝜙ln⁡(𝐵𝐸𝑅𝐷)𝑖,𝑡−1 + 𝛾1ln⁡(𝐺𝐷𝑃)𝑖,𝑡−1 + 𝛾2ln⁡(𝑊𝐴𝐺)𝑖,𝑡−1 + 𝛼𝑖

+ 𝛿𝑡 + 𝜀𝑖,𝑡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(12) 

The estimated elasticity of TFP with respect to lagged HERD is small and negative, 𝜽̂ ≈

−𝟎. 𝟎𝟏𝟓 (S.E: 0.009; bootstrap p-value ≈ 0.881), while the elasticity with respect to lagged 

BERD is small and positive, 𝝓̂ ≈ 𝟎. 𝟎𝟏𝟑 (S.E: 0.008; not significant). By contrast, macro 

controls are strongly positive. Taken together, we do not find robust evidence that university 

R&D raises measured TFP at a one-year horizon once country/year effects and covariates are 

included; any direct HERD→TFP effect, if present, appears modest and statistically fragile. A 

reasonable interpretation is that HERD’s main channel in the short run is to stimulate firm R&D 

(our BERD results), with productivity results arriving more slowly and being hard to detect in 

a noisy residual. (See Figure 23; Appendix A.4.7) 
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5. Results and Discussion 

5.1. Cross Checks and Extensions 

Over the previous sections we set out the core two-way fixed-effects (TWFE) design and a set 

of cross-checks and extensions. In sub-section 4.2, we saw that First-Differences show no 

precise one-year HERD→BERD response and only a small positive effect at 𝑡 − 2, and 

conclude that our levels specification was capturing medium-run co-movement between 

university and private R&D (a cointegrating relation) rather than a sharp short-run response.  

Furthermore, our alternative timing specifications re-times the TWFE model in two different 

ways (distributed lags and a 3-year moving average of HERD) and got essentially similar 

medium-run magnitudes, reinforcing the baseline.  

In sub-section 4.3, our spillover extension leaves the domestic elasticity intact once a foreign-

HERD term is added, the foreign term is negative but imprecise, and because domestic and 

foreign HERD are only weakly correlated, this does not reflect collinearity. Additionally, the 

heterogeneity split between high and low HERD intensity countries, shows the effect 

concentrated in high-intensity R&D environments, consistent with absorptive-capacity 

differences.  

Our initial goal with dynamic-panel GMM (sub-section 4.6) was to explicitly model persistence 

in BERD—by adding ln(BERD𝑖,𝑡−1)—and ask whether the HERD effect survives once we 

correct the Nickell bias using internal instruments. In practice, the diagnostics are mixed; 

Difference GMM clears the basic checks (AR(2) not rejected; over-ID acceptable) but the 

coefficients are fragile, while System GMM fails the over-identification test, making it not valid 

for inference. We therefore report GMM as exploratory and keep the TWFE and IV estimates 

as the results fit for inference. 



20 

Finally, the TFP exercise finds no robust one-year HERD→TFP effect once fixed effects and 

covariates are included, suggesting HERD’s near-term channel is primarily via firm R&D rather 

than immediate productivity gains. With that landscape set, the rest of this section focuses on 

the main estimators TWFE and on IV quantifying magnitudes and comparing their implications. 

5.2. TWFE & IV 

The baseline two-way fixed effects models (country and year fixed effects) represent the 

cleanest identification strategy available in the data. The HERD coefficients are positive and 

economically sizable across contemporaneous and lag specifications, but under country-cluster 

pairs bootstrap they are not statistically significant (Table 1). The point estimates are stable 

across lags, indicating a rapid and persistent response in levels, but statistical power is limited 

with cluster-robust inference. 

The fact that the contemporaneous coefficient (0.335) is very close to the one-year lag 

coefficient (0.324) suggests that private firms react quickly to expansions in academic research 

capacity (Appendix A.4.4, Table 13). This rapid response is consistent with several 

mechanisms: Universities training PhD students and post-docs who are immediately hired by 

industry, carrying cutting-edge knowledge with them; faculty consulting, joint labs, and 

collaborative projects generate almost immediate applied research opportunities for firms and 

new scientific instruments, datasets, and publications produced by universities become public 

goods that firms can exploit without substantial delay. The persistence of the effect through lag 

3, with only modest attenuation, further indicates that the knowledge generated by universities 

has long-lasting value. Basic research findings often require several years to be translated into 

commercially relevant applications, yet firms appear to anticipate this future value and increase 

their own R&D spending accordingly. 

With errors clustered by country—and especially with small-G-robust, country-cluster 

bootstrap p-values—the HERD coefficients are not statistically distinguishable from zero 
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(bootstrap p-values: 0.97–0.98 across lags). The loss of significance reflects limited degrees 

of freedom at the cluster level rather than a change in point estimates, which remain stable 

(0.324 at lag 1, 0.278 at lag 2, 0.224 at lag 3). Policy interpretation should therefore emphasize 

the stable economic magnitude while acknowledging the imprecision. 

Table 1: Robust TWFE Estimation with Clustered Errors 

Model Coefficient (lag HERD) Clustered SE t-stat p-value Bootstrap 

p-value 

Lag 1 (m2) 0.324 0.206 1.57 0.116 0.975 

Lag 2 (m3) 0.278 0.192 1.45 0.148 0.975 

Lag 3 (m4) 0.224 0.171 1.31 0.190 0.968 

The 2SLS-IV results present a puzzle at first glance: when instrumenting lagged HERD with 

two-year lags of PGO, VAP, and WAG, the coefficient flips dramatically negative (−1.9899) 

and imprecise. This result appears to contradict everything else in our work. However, a closer 

examination reveals that the instruments are extremely weak in this application. 

Table 2: Comparison: OLS vs IV (2SLS) with FE 

Variable OLS 2SLS-IV 

log_HERD_lag1 0.9372*** –1.9899   
(0.0376) (0.9145) 

log_GDP_lag1 0.2234*** 2.2621* 

log_NOE_lag1 –0.0597 –3.3553* 

log_VAP_lag1 –0.0470** –0.5056 

log_WAG_lag1 0.1089*** 1.0207* 

Constant –1.8614*** –22.5949 

Observations 1,110 1,110 

R² 0.8655 –0.0859 

PGO , VAP, and WAG are highly persistent aggregates that tightly co-move. Once we include 

country and year fixed effects, most of their variation is absorbed by those effects and so using 

two-year lags of these variables leaves little independent within-country movement, and the 

instruments are highly collinear with each other, which shows up as a weak first stage 
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confirming dramatic weak-instrument problems (see Figure 19, Appendix A.4.5). The IV 

estimate is therefore essentially unidentified and should be disregarded. A weak instrument set  

does not validate the FE estimates; it only shows that our IV design does not isolate a plausibly 

exogenous component of HERD. Residual time-varying, country-specific shocks (e.g., a pro-

innovation government elected in country 𝑖 at time 𝑡 boosting both university and business 

budgets) remain a potential source of bias for FE.  

For clarity, the purpose of IV here was to provide relevant and exogenous variation in HERD 

after conditioning on fixed effects and controls, thereby clearing endogeneity from remaining 

shocks. Because our candidate instruments are weak in this setting, they do not deliver such 

variation.  

6. Limitations & Further Research  

This study sets a foundation for future analysis on the impact of university R&D on business 

R&D, an area of known importance. However, several limitations, primarily related to data 

availability, have constrained the depth of the analysis. Our results are shaped most of all by 

the data we could assemble. Coverage across countries and years is uneven, so we filled gaps 

by interpolating missing observations to keep the panel intact. Interpolation smooths real 

variation and can dampen short-run responses, which likely contributes to the strong persistence 

we estimate. With a small number of country clusters, conventional cluster-robust inference is 

fragile. We report wild-cluster bootstrap p-values to mitigate this, but precision remains limited 

and some patterns should be read with caution. 

A second limitation is identification. Two-way fixed effects absorb time-invariant country traits 

and common global shocks, yet they cannot remove time-varying shocks that move university 

budgets and firm R&D at the same time. Our instrumental-variables attempts fail for weak first 

stages once fixed effects are included, and the dynamic-panel GMM checks are either fragile 



23 

or fail standard diagnostics. As a result, we cannot rule out residual endogeneity or dynamic 

misspecification. The positive link we document between HERD and BERD is therefore best 

interpreted as a medium-run association rather than a clean causal effect. 

A third limitation concerns how we measure foreign exposure. Our “foreign-HERD” term is a 

simple average of other countries’ HERD. This unweighted construct blends two forces that 

move in opposite directions: knowledge diffusion, which should raise domestic private R&D, 

and short-run input competition for researchers and specialized services, which can depress it. 

Without economically meaningful weights based on trade, technological proximity, or 

collaboration networks, we cannot separate these channels or give the foreign coefficient a clear 

interpretation. 

These constraints suggest a direct agenda for future work. Extending the panel backward and 

forward—and broadening country coverage—would reduce the need for interpolation, 

strengthen statistical power, and lessen concerns about small-G inference even when we 

continue to bootstrap. Building a macro–micro bridge would allow sharper identification, 

linking country-level HERD to firm-level outcomes such as patenting and citation patterns, 

contract research with universities, or researcher mobility would enable event-study and 

difference-in-differences designs around plausibly exogenous funding shocks. These micro 

links would also help trace the timing of effects, from changes in university research activity to 

subsequent private R&D and, over longer horizons, to productivity growth.  

Finally, integrating channel-specific heterogeneity is essential. Interacting HERD with 

measures of absorptive capacity, co-publication and co-patenting ties, and formal university–

industry contracts would show where the elasticity is largest and through which channels. This 

would turn a broad association into a map of underlying mechanisms. 
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7. Conclusion  

This work set out to measure how public research performed in universities (HERD) relates to 

private‐sector R&D (BERD) across 37 OECD economies over 1995–2024. The evidence is 

clearest in the TWFE estimates, once we absorb time-invariant national traits and common 

global shocks, a 1% increase in HERD is associated with roughly a 0.3–0.35% rise in BERD 

over to two years. Point estimates are stable to re-timing (distributed lags, three- year moving 

average) but imprecise under small-G wild-cluster bootstrap, so we treat them as associations.  

At the same time, the short-run response is modest. First-differences show little one-year 

movement and only a small effect at two years; the error-correction model reconciles the gap 

showing a modest short-run elasticity of BERD to HERD and a statistically meaningful speed 

of adjustment back toward a long-run relation. Adding country trends to TWFE similarly 

attenuates the one-year coefficient. In short, effects accumulate over time; differencing removes 

that slow signal and reveals little short-run response. 

Two extensions sharpen the picture. First, the foreign-HERD term enters negatively but 

imprecise, consistent with short-run competition for globally mobile R&D inputs dominating 

over knowledge diffusion at annual horizons. We interpret this cautiously: a raw average is a 

blunt measure that mixes diffusion and competition and ignores economic weights (trade, 

technological proximity, collaboration networks). Second, the elasticity appears larger in high-

HERD-intensity environments, countries with deeper research bases exhibit stronger firm 

responses, a pattern aligned with absorptive-capacity mechanisms. Together these results 

suggest that public research is most effective at crowding-in private R&D where 

complementary capabilities already exist and that internationally, ramp-ups abroad can, in the 

short run, pull inputs away. 

Our IV strategy with instruments based on deeper-lag macro shifters are weak once we include 

rich fixed effects, so IV estimates are invalid for identification. Dynamic-panel GMM clears 
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only the most basic checks in difference form and is fragile and system GMM fails over-

identification. We therefore treat the TWFE and its variants as associational designs, not causal 

designs, and we base significance on country-cluster bootstrap p-values. A complementary TFP 

exercise finds no robust one-year HERD→TFP effect, suggesting a near-term operating 

primarily through business R&D, with any productivity impact likely slower and harder to 

detect in macro residuals. 

Two limitations temper interpretation. First, missing data forced within-country interpolation 

plus medians to preserve panel structure, in observed-only runs, standard errors grow and some 

coefficients weaken, underscoring sensitivity to data coverage. Second, with 37 clusters, we 

report wild-cluster pairs-bootstrap p-values and note a few collinearity cases (e.g., split HERD 

levels and lags) where coefficient-wise bootstraps are not separately identified. These 

constraints are not fatal, but they bound what we can claim. 

The policy reading is pragmatic. If the objective is to stimulate private R&D, sustained 

investment in higher-education research is associated with sizable medium-run increases in firm 

R&D, especially where research bases are deep. That points to stable, multi-year HERD 

funding, reinforcement of human-capital pipelines, and tighter university–industry ties where 

absorptive capacity is present but under-utilized. The negative foreign term reminds 

policymakers that global R&D markets are tight: to avoid short-run displacement, domestic 

investments should be paired with measures that retain and attract researchers (mobility 

programs, competitive salaries, shared infrastructure).  

Overall, the study documents a robust medium-run association between public and private R&D 

and maps where it is likely strongest, while being explicit about identification limits. This 

combination—transparent design, rigorous robustness, and cautious language—provides a 

credible baseline for policy debates on how university research funding can support innovative 

capacity in the private sector.  
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A Appendix 

A.1 Variables Used 

Table 3 : Summary of Variables Used and their Description 

Variable Description Variable Unit/Price basis 

Business enterprise R&D expenditure (BERD) Millions USD, current prices 

Higher-education R&D expenditure (HERD) Millions USD, current prices 

Gross domestic expenditure on R&D (GERD) Millions USD, current prices 

Gross domestic product (GDP) Millions USD, current prices 

Number of employees (NOE) Thousands of persons 

Production gross output (PGO) Millions USD, current prices 

Value added (VAP) Millions USD, current prices 

Wages & salaries (WAG) Millions USD, current prices 
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A.2 Missing Data Pattern  

Table 4: Missing Data by Variable 
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Figure 1: Missing Data Pattern  

 

A.3 Descriptive Statistics  

Table 5: Summary Statistics by Variable  
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Table 6: Jarque-Bera Normality tests 

 

Table 7: Correlation Matrix Key Variables 
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Figure 2: Relationship between HERD and BERD (Log Scale) 

 

 

Figure 3: HERD-BERD Correlation Over Time  
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Table 8: Panel Unit-Root tests for ln(𝐵𝐸𝑅𝐷) 

Test Statistic P-Value Result 

Levin–Lin–Chu -3.2941 0.0005 Stationary 

Im–Pesaran–Shin 1.6560 0.9511 Non-stationary 

 

Table 9: Panel Unit-Root tests for ln(𝐻𝐸𝑅𝐷) 

Test Statistic P-Value Result 

Levin–Lin–Chu -7.1704 0.0000 Stationary 

Im–Pesaran–Shin -0.7031 0.2410 Non-stationary 

 

Table 10: Panel Unit-Root tests for ln(𝐺𝐸𝑅𝐷) 

Test Statistic P-Value Result 

Levin–Lin–Chu -4.6424 0.0000 Stationary 

Im–Pesaran–Shin 2.4775 0.9934 Non-stationary 

 

Table 11: Panel Unit-Root tests for ln⁡(𝐺𝐷𝑃) 

Test Statistic P-Value Result 

Levin–Lin–Chu -1.3727 0.0849 Non-stationary 

Im–Pesaran–Shin 7.2171 1.0000 Non-stationary 
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A.4 Model Outputs 

A.4.1 Country Fixed Effects 

Figure 4: Hausman test Fixed Effects vs Random Effects  

 

 

Figure 5: Country Fixed Effects  
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A.4.2 Robustness Checks  

Figure 6: First-Differences with Lagged Independent Variables (Lag 1)  

 

Figure 7: First-Differences with Lagged Independent Variables (Lag 2) 
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Figure 8: First-Differences with Lagged Independent Variables (Lag 3) 
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Figure 9: Two-Way FE vs First Differences (1–3-year lags) 
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Figure 10: Two-Way FE: With Country-Specific Linear Trends 

 

 

Figure 11: Alternative Lag Specifications 
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A.4.3 Extensions to the Baseline Model 

Figure 12: Cross-Country Spillover Model 

 

Figure 13: High vs Low R&D Intensity Countries 
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A.4.4 Baseline Model  

Figure 14: Model 1 — Two-Way FE: Contemporaneous HERD + Lag-1 Controls 

 

Figure 15: Model 2 — Two-Way FE: Lag-1 HERD and Controls 
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Figure 16: Model 3 — Two-Way FE: Lag-2 HERD and Controls 

 

 

Figure 17: Model 4 — Two-Way FE: Lag-3 HERD and Controls 
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Figure 18: Model 5 — Two-Way FE: All HERD Lags + Lag-1 Controls 
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Table 13: Two-Way Fixed Effects: HERD Spillovers to BERD (Comprehensive Lags) 

Variable Contemp. (m1) Lag 1 (m2) Lag 2 (m3) Lag 3 (m4) All Lags (m5) 

log(HERD)_t 0.3350*** 
   

0.2075***  
(0.0326) 

   

(0.0654) 

lag(log(HERD), 1) 
 

0.3240*** 
  

–0.0268   

(0.0320) 
  

(0.0876) 

lag(log(HERD), 2) 
  

0.2776*** 
 

0.5694***    

(0.0318) 
 

(0.1202) 

lag(log(HERD), 3) 
   

0.2242*** –0.8070***     

(0.0316) (0.2157) 

lag(log(GDP), 1) 0.4794** 0.4889*** 0.5554*** 0.6353*** –0.3599*** 

lag(log(NOE), 1) –0.8763*** –0.8090*** –0.8138*** –0.8753*** 0.3272*** 

lag(log(VAP), 1) –0.1722** –0.1801** 0.2776*** –0.3620*** –0.0091 

lag(log(WAG), 1) 0.2445*** 0.2406*** 0.5553*** 0.3315*** … 

Observations 1,073 1,073 1,036 999 999 

R² 0.1795 0.1773 0.1664 0.1590 0.1691 

Adj. R² 0.1231 0.1207 0.1078 0.0984 0.1064 

 

A.4.5 IV Estimation  

Figure 19: IV (2SLS) Estimation Results with Lagged Variables 
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Figure 20: Comparison: OLS vs IV (2SLS) 
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A.4.6 Generalized Method of Moments Estimation 

Figure 21: System GMM Results with Lagged Structure 

 

 

Figure 22: Arellano-Bond GMM Results 
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A.4.7 Total Factor Productivity Analysis 

Figure 23: TFP Analysis with Lagged HERD 
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B  Error Correction Framework 

B.1 Long-run (cointegrating) relation in levels 

Let 𝑦𝑖,𝑡 ≡ ln⁡(BERD)𝑖,𝑡 and 

𝑥𝑖,𝑡 ≡

[
 
 
 
 
 
⁡ln(𝐻𝐸𝑅𝐷)𝑖,𝑡

ln⁡(𝐺𝐷𝑃)𝑖,𝑡

ln⁡(𝑁𝑂𝐸)𝑖,𝑡

ln⁡(𝑉𝐴𝑃)𝑖,𝑡

ln⁡(𝑊𝐴𝐺)𝑖,𝑡 ]
 
 
 
 
 

. 

We estimate the within-country, within-year levels specification: 

𝑦𝑖,𝑡 = 𝛽′𝑥𝑖,𝑡 + 𝛼𝑖 + 𝛿𝑡 + 𝑢𝑖,𝑡             (B1) 

 

where 𝛼𝑖 and 𝛿𝑡 are country and year fixed effects and 𝑢𝑖,𝑡 the residuals. The estimated 

residuals: 

𝐸𝐶𝑇𝑖,𝑡
̂ ≡ 𝑢𝑖,𝑡̂ 

are the error-correction term (the deviation of 𝑦𝑖,𝑡 from its long-run path implied by 𝑥𝑖,𝑡 after 

absorbing FE). The long-run elasticity of BERD with respect to HERD is the HERD element 

of 𝛽, denoted 𝛽HERD. 

B.2 Short-run dynamics (Error-Correction Model) 

Define annual first differences Δ𝑧𝑖𝑡 ≡ 𝑧𝑖𝑡 − 𝑧𝑖,𝑡−1. The short-run adjustment is modeled as: 

∆𝑦𝑖,𝑡 = 𝛾′∆𝑥𝑖,𝑡 + 𝜆𝐸𝐶𝑇𝑖,𝑡−1
̂ + 𝜏𝑡 + 𝜀𝑖,𝑡         (B2) 

with year fixed effects 𝜏𝑡 to absorb global shocks. Here 𝛾 collects short-run elasticities (impact 

effects of annual changes in the covariates) and 𝜆 < 0 is the speed of adjustment toward the 

long-run relation in (B1). An adjustment speed 𝑠 ≡ −𝜆 implies a half-life: 

𝐻𝐿 =
ln⁡(0.5)

ln⁡(1 − 𝑠)
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Equation (B1) is estimated by TWFE in logs; 𝐸𝐶𝑇̂𝑖,𝑡 is the resulting within-residual. Equation 

(B2) is estimated by OLS on annual differences with year dummies, using country-clustered 

standard errors. Variables are aligned so that 𝐸𝐶𝑇̂𝑖,𝑡−1 is the lag of the residual from (B1), and 

Δ𝑥𝑖,𝑡 are adjacent-year differences. 

Figure 24: Error-Correction Model for Δln⁡(𝐵𝐸𝑅𝐷) 

 

From our run of (B2): 

𝛾HERD ≈ 0.157⁡(SE 0.069,  𝑝 = 0.993), 𝜆̂ ≈ −0.104⁡(SE 0.025,  𝑝 < 0.001). 

 

Thus, a 10% increase in HERD is associated with roughly a 1.6% increase in BERD within a 

year (modest short-run effect), while deviations from the long-run BERD–HERD relation close 

by about 10% per year. The implied half-life is 
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HL ≈
ln⁡(0.5)

ln⁡(1 − 0.104)
≈ 6.3 years, 

 

convergence toward the long-run path is gradual—exactly the cointegration pattern that 

reconciles our FE levels results (medium-run association) with the weaker FD/short-run 

evidence. 
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C No Interpolation Sample Outputs 

C.1 Robustness Checks  

Figure 25: First-Differences with Lagged Independent Variables (Lag 1) 

 

Figure 26: : First-Differences with Lagged Independent Variables (Lag 2) 
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Figure 27: : First-Differences with Lagged Independent Variables (Lag 3) 
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Figure 28: Two-Way FE vs First Differences (1–3-year lags)  

 

Figure 29: Two-Way FE: With Country Specific Linear Trends 
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Figure 30: Alternative Lag Specifications 
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C.2 Extensions to the Baseline Model  

Figure 31: Cross-Country Spillover Model 

 

Figure 32: High vs Low R&D Intensity Countries 
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C.3 Baseline Model  

Figure 33: Two-Way FE - Contemporaneous HERD + Lag-1 Controls  

 

Figure 34: Two-Way FE - Lag-1 HERD and Controls 
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Figure 35: Two-Way FE - Lag-2 HERD and Controls 

 

Figure 36: Two-Way FE - Lag-3 HERD and Controls 
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Figure 37: Two-Way FE - All Lags Together 

 

 

C.4 IV Estimation  

Figure 38: IV (2SLS) Estimation Results with Lagged Variables 
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C.5 Generalized Method of Moments Estimation 

Figure 39: System GMM  

 

Figure 40: Arellano-Bond GMM  
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C.6 Total Factor Productivity Analysis 

Figure 41: TFP Analysis with Lagged HERD 

 

 

 

 

 


