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This research studies the effects of a R&D tax credit and a R&D subsidy in Mexico.

The Mexican tax credit removed the usual market oriented traits that define most tax credits. It essentially acted as a "deferred" subsidy, as firms got a discount on their corporate tax at the end of the fiscal year. Whereas the subsidy granted the funds at the start of the R&D project. My estimates show that both policies had a positive impact on innovation personnel, but the subsidy's impact was larger. As for patents, the impacts are less clear but favor the subsidy over the tax credit. The subsidy appears to have allowed less profitable firms to take on their R&D projects. This might have driven the larger subsidy effects. The awarding procedure in both programs is similar.

Firms submitted their R&D projects to a non tax collecting institution. The projects were evaluated according to detailed guidelines. The awarded projects were selected based on the evaluations. The guidelines allow to construct a set of conditioning variables in a matching estimation approach. In addition, I use the difference-in-difference matching method to purge time-invariant unobservables.

Introduction

Direct subsidies and tax credits are the two most widely used policies to promote research and development (R&D) in private companies. In most countries, a key difference between both policies is the agency granted to the public versus the private sector. Tax credits are more market oriented as firms are free to decide throughout the year the R&D projects they carry out. At the end of the fiscal year they get a discount on their corporate taxes amounting to a share of their total R&D expenditures. R&D subsidies are more government directed as a public institution selects the private R&D projects to fund. The Mexican tax credit rules removed the market orientation feature. Under both the tax credit and the subsidy, firms had to go through a selection process where a non tax collecting institution selected the R&D projects to award. The real difference between both programs concerned the moment when firms are rewarded. For the R&D subsidy, firms were granted the funds at the beginning of the calendar year; when they were set to start the R&D project. For the tax credit, firms received a discount on their taxes at the end of the fiscal year. In this sense, the Mexican tax credit acted as a "deferred" subsidy.

This paper studies the effect of the policy change: allocating the public funds at the start of the R&D project rather than delaying them at long after the project starts. Literature analyzing the effects of R&D tax credits and subsidies on private R&D is extensive. The post-2000 papers mostly show that both policies have a crowding-in effect on private R&D spending, i.e. private firms spend on R&D more than they would have without the public funds. However, few papers compare the effects of both policies in the same study -some exceptions are [START_REF] Parisi | Is private r&d spending sensitive to its price? empirical evidence on panel data for italy[END_REF] and [START_REF] Carboni | R&d subsidies and private r&d expenditures: evidence from italian manufacturing data[END_REF]-. Most comparisons are drawn by literature reviews like that of [START_REF] Becker | Public r&d policies and private r&d investment: A survey of the empirical evidence[END_REF] or [START_REF] Cerulli | Modelling and measuring the effect of public subsidies on business r&d: A critical review of the econometric literature[END_REF]. In addition, most literature on R&D tax credits and subsidies focuses on high income countries. Outcomes on countries far from the technology frontier may be different. Companies in these countries may be less efficient in translating R&D awards into meaningful R&D activities for many 1 reasons. For instance, personnel with technical or scientific education may be scarce, or proper research equipment could be difficult to obtain. So, this paper adds to previous literature, first by exploiting the unique characteristic of the Mexican tax credit and comparing the effects of the policy change. Second, by analyzing the policy effects in a country far from the technology frontier.

My estimates show that both the R&D tax credit and the R&D subsidy led firms to allocate more personnel to innovation activities. But the size of the effect is larger for the subsidy. As for patent registrations, there is some evidence that the R&D subsidy could have had a positive effect on patents but it is not conclusive in at least a 95 percent confidence level. On the other hand, it can be confidently discarded that the tax credit had an effect on patents. So, overall the positive effect on private R&D activities is larger under the subsidy.

My estimations suggest that this result is driven by the R&D subsidy allowing solvency constrained firms to take R&D activities. These firms might have been excluded from the tax credit due to lack of resources to start their R&D projects. My results are different from those of [START_REF] Carboni | R&d subsidies and private r&d expenditures: evidence from italian manufacturing data[END_REF]. He finds that the Italian R&D tax credits have bigger effects than the subsidies. However, Italian tax credits allow firms more decision power to decide which R&D projects to take on. This highlights the importance of studying the features of a policy setting where firms have less agency. Specifically, I analyze two programs: 1) Estímulo Fiscal a la Investigación y el Desarrollo de Tecnología (EFIDT), the R&D tax credit; and 2) Programa de Estímulos a la Innovación (PEI), the subsidy. Both were granted by Consejo Nacional de Ciencia y Tecnología (CONA-CYT), the institution in charge of the federal government science and technology policies.

The EFIDT program lasted from 2001 to 2008. In year 2009, it was replaced with the PEI program. As CONACYT switched from the tax credit to the subsidy, the granting rules remained quite similar. To get the public support, companies submitted at least one R&D project to CONACYT. Submitted projects were assessed following detailed evaluation guidelines. Based on the evaluations, a CONACYT committee chose the projects to award.

As awards were not randomly allocated, supported and non-supported firms could differ on unobserved characteristics correlated with the outcome. For example, R&D intensive firms may have more expertise on applying to the R&D programs, and hence be more likely to be awarded. I deal with this endogeneity problem with two metodologies. First, I use the propensity score matching approach. The method assumes that there is a set of observable conditioning variables for which outcomes are independent of treatment conditional on those variables. Matching estimation depends on the ability to construct the set of conditioning variables. The policy design and the data I have in this research gives two advantages for this aim: 1) the evaluation guidelines provide a solid base to construct the set of conditioning variables, and 2) my data provides a rich set of variables allowing to actually construct the set. In my second estimation approach, I use the difference-in-difference (DID) matching methodology proposed by [START_REF] Heckman | Matching as an econometric evaluation estimator: Evidence from evaluating a job training programme[END_REF][START_REF] Heckman | Characterizing selection bias using experimental data[END_REF] The census provides information on the R&D outcomes I study.

The rest of the paper is structured as follows: in Section 2, I present a summary on previous research on the effects of tax credits and subsidies. In this section I also include a description of the tax credit design in several countries. In Section 3 I present an overview of the spending on R&D in Mexico since year 2000. In addition, I describe with detail the R&D tax credit and subsidy programs in the country. Section 4, presents the datasets I use in this research and gives a thorough description of the methodology. In Section 5 I show my results and comment their implications. Finally, Section 6 concludes.

Overview of R&D Literature and Policies

Research and development (R&D) activities are credited as an important tool to promote future growth due to their positive effect on productivity.1 However, literature has noted that private spending on R&D may be lower than the socially desirable, mainly two for reasons: first, private firms do not appropriate completely the returns of their own R&D investment as some of the benefits spill to other agents [START_REF] Griliches | Issues in assessing the contribution of research and development to productivity growth[END_REF]; second, R&D activities are risky, as returns from R&D spending may take long to be perceivable, if at all.2 Public support of R&D might encourage private firms to invest more on these activities and move R&D spending closer to the social optimum. The two most popular policies to promote private R&D are tax credits and direct subsidies. Literature analyzing their effects on private R&D is vast. The earlier research was not conclusive on the direction of these effects.3 However, these early studies did little to deal with the typical problem of sample selection bias of impact evaluation studies. If R&D intensive firms are more likely to apply for -and be granted with-R&D supporting programs, OLS estimates on the effects of public support on private R&D might be biased.

Post-2000's literature has done bigger efforts to deal with the endogeneity problem. This later research concludes more firmly that R&D tax credits and subsidies have positive effects on private R&D. In Table 1, I show a summary of the post-2000 literature. The table does not include post-2000 papers that only use the traditional OLS estimates. It also excludes papers that use cross-country data; only papers with firm level data are included. Most studies find positive effects of subsidies and tax credits on private R&D. Some find no effects, but none of the studies in Table 1 find negative effects. So, recent evidence indicates that public support does not crowd-out private R&D spending: a dollar of public support is matched with, at least, an additional dollar of private spending. 4Table 1 shows that most literature is limited to high income countries. Of the 38 papers included in the table, only five study middle income countries: [START_REF] Özçelik | R&d support programs in developing countries: The turkish experience[END_REF] in Turkey, [START_REF] Jia | Do r&d tax incentives work? firm-level evidence from china[END_REF] and [START_REF] Chen | Notching r&d investment with corporate income tax cuts in china[END_REF] in China, and [START_REF] Calderón | Evaluación del programa de estímulos fiscales al gasto en investigación y desarrollo de tecnología de las empresas privadas en méxico (efidt)[END_REF] and [START_REF] Chávez | The effects of public r&d subsidies on private r&d activities in mexico[END_REF] in Mexico. More research is needed in countries far from the technology frontier. Policies that support private R&D may have different effects in these countries as their firms may be less capable to assimilate resources destined to R&D. It could be that, when faced to a problem that requires research and innovation, middle-income country firms prefer to adopt solutions already developed in technology-frontier countries, instead of carrying out R&D activities of their own. Limited access to R&D inputs may also play a role.

In addition, Table 1 shows that most papers -specially those that analyze R&D subsidiesstudy just one outcome: private R&D spending. It is important to analyze additional outcomes, as the effects of R&D policies may differ depending on the outcome. For instance, research by [START_REF] Bozio | Impact of research tax credit on r&d and innovation: Evidence from the 2008 french reform[END_REF] in France shows that R&D tax credits have a positive impact in private R&D spending, but have no effect on patents. This gives a broader perspective on the policy's effectiveness.

Finally, few studies analyse the impact of both policies in the same context. Only two papers in Table 1 study both R&D tax credits and subsidies: [START_REF] Parisi | Is private r&d spending sensitive to its price? empirical evidence on panel data for italy[END_REF] and [START_REF] Carboni | R&d subsidies and private r&d expenditures: evidence from italian manufacturing data[END_REF] in Italy. They find positive and significant effects of both policies on private R&D spending. Yet, [START_REF] Carboni | R&d subsidies and private r&d expenditures: evidence from italian manufacturing data[END_REF] finds that the size of the effect is larger for tax credits. In addition, he finds that R&D subsidies -as opposed to tax credits-lead firms to obtain more external credit to finance their R&D projects. So, the general effects of the two policies point in the same direction. But there are differences on the size of the effects and the channels through which they operate.

In the case of Mexico it is specially important to analyze both policies simultaneously as the Mexican R&D tax credit has a rare characteristic: its awarding process is very similar to the regular R&D subsidy. To get the tax credits, firms had to submit a R&D project to a non-tax collecting authority. The projects went through and evaluation process, and the authority selected those that got the tax credit. In most countries, the R&D tax credit design does not require firms to go through a selective process. Firms just declare their R&D expenditures to the tax authority and deduct the amount from their future owed corporate income tax. In this sense, the usual tax credit design is market oriented: firms allocate spending to the R&D projects they choose and are compensated at the end of the fiscal year. R&D subsidies are more government oriented since a public authority chooses the projects to award with the grants. The Mexican R&D tax credit design removes the market component. In Mexico, the tax credit acts as a "deferred" subsidy: instead of getting funds at the start of the R&D project, tax credited firms got the funds at the end of the fiscal year.

Table 2 summarizes the R&D tax credit design across countries. Column 2 shows that, as mentioned above, the selective tax credit designs are rare. Only in Mexico and Norway, firms have to submit a R&D project to an authority different than the tax revenue administration. This assignment criteria affects the base of R&D expenditures that firms can deduct from the owed corporate tax. In most countries, the deductible base is determined as a proportion of the firm's total R&D expenditures. In Mexico, the deductible base is a proportion of the R&D project approved by the non-tax authority (see Column 3). In other aspects, the Mexican design is similar to other countries. For instance, as shown in Column 5, countries usually allow companies to carry-forward the tax credit to future fiscal years in case the credited amount is larger than present year's owed corporate taxes.

R&D Spending and Policies in Mexico

Spending

Over the last two decades, Mexico's R&D spending has steadily increased, almost doubling its size in the 2004 to 2017 period. However, as shown in Figure 1, growth of the R&D/GDP ratio is has been more modest, going from around 0.40 percent of GDP in year 2004 to 0.48 percent in 2017. As for the sources that funded this rise in R&D spending, Figure 1 depicts clearly that it is the share of publicly financed R&D that increased in the period -although growth was somewhat reversed in the last years-. On the other hand, the share of private R&D decreased notably. Public R&D rose strongly, not only as a share of total R&D spending, but also in real terms. Compared to the initial level, the rise in absolute public R&D disbursments is mantained even if we take into account the large spending cuts of the last three years of the period. On the other hand, absolute private R&D spending has remained mostly flat. So, the increase in total R&D spending that we observe over the last two decades, mostly came from the increase in public R&D funding and not form the private sector.5 

The modest rise in the Mexican R&D/GDP ratio in the last decades keeps the country faraway from the levels observed in most OECD countries. Figure 2 shows the R&D/GDP ratio in selected countries. Average R&D spending in OECD countries stands at 2.35 percent of GDP. In Korea, R&D expenditure as a share of GDP stands at a whopping 4.24 percent (OECD, 2018). Mexico's investments on R&D are small compared to high income countries, but they are comparable to those of its Latin American counterparts. The average R&D/GDP ratio in the region stands at 0.55 percent. Note, however that the region has its front runners and Mexico is not one of them. For instance, Brazil, the region's leader, spends 1.28 percent of its GDP in R&D activities. In addition, Figure 2 shows that high R&D spending countries tend to have higher shares of funding coming from the private sector. In Korea, Japan and Germany, the countries with the highest R&D/GDP ratios shown in the figure, private shares of total R&D spending go from 65 to 80 percent. The contrast to Mexico's 20 percent is stark. Shares of private sector funding of R&D are also higher in countries with "medium" levels of the R&D/GDP ratio. For instance, in Brazil, about half of R&D spending comes from the private sector. Thus, it is likely that Mexico's private sector should invest higher sums so total R&D spending significantly increases.

Policies

The largest R&D policies in Mexico are managed by Consejo Nacional de Ciencia y Tecnología (CONACYT). In 2017, it spent 46 percent of all Federal Government's R&D expenditure. Over the last two decades, CONACYT's main policies directed to support private R&D were: 1) Estímulo Fiscal a la Investigación y el Desarrollo de Tecnología (EFIDT), a tax credit; and 2) Programa de Estímulos a la Innovación (PEI), a direct subsidy. 6 The EFIDT tax credit lasted from 2001 to 2008. Firms wishing to use the tax credit had to submit a R&D project to CONACYT. A CONACYT committee selected the projects to award. The discount on the corporate income tax amounted to 30 percent of the total expenditures of the approved R&D project. With carry-forward to 10 fiscal years in case the awarded sums were larger than the tax owed in the year when the tax credit was granted.

Authors such as [START_REF] Unger | La política de estímulos fiscales a id en méxico[END_REF] have criticized several aspects of the EFIDT program, among them: 1) it was awarded to relatively few firms. For instance, in year 2005, 15 firms concentrated 50 percent of the total amount awarded to all firms. 2) The awarded credits were highly concentrated by sector, as in year 2005, half of all credits were awarded to firms in the automotive industry. CONACYT may have taken note of these critiques, as in year 2007, EFIDT awarding rules provided some prioritizing of small and medium sized firms.

Nonetheless, due to these or other concerns, in year 2009 CONACYT decided to suppress the EFIDT program altogether. It was replaced with the PEI subsidy, which lasted from 2009 to 2018.7 I know of no public document that explains why CONACYT decided to switch its private R&D supporting approach from a tax credit to a direct subsidy. However, some reasons can be deduced. The first is resource availability: awarding a tax credit does not require an R&D supporting agency to hand out its own resources to the private firms.

Instead, it is the federal government that forgoes a share of the corporate taxes it would have received from the tax credit awarded firms. So, in periods of less resource availability, a R&D supporting agency might decide to support private R&D via tax credits instead of direct subsidies. In fact, CONACYT budget grew steadily in the period of time up to the tax credit-subsidy switch. 8 The second reason is agency: subsidies concede a higher power to decide which R&D projects and firms get supported. However, as mentioned above, the Mexican R&D tax credit design made firms to go through a selection process very similar to the one of a typical R&D subsidy. So, this second reason does not seem of much relevance in the Mexican context.

As CONACYT switched from tax credits to direct subsidies, the granting decision remained similar.9 To receive the awards, firms had to submit a R&D project that clearly defined the activities to be undertaken with the government support. All submitted projects were evaluated by individuals chosen from a CONACYT directory of evaluators. Evaluators were usually academics, scientists or researchers affiliated to universities or research centres.

The evaluation was performed according to guidelines that indicated the project and firm characteristics to assess. The evaluations were then passed to a CONACYT committee, which chose the R&D projects to award based on them. The firm characteristics to assess remained similar when CONACYT switched from the EFIDT tax credit to the PEI subsidy.10 

The PEI subsidy was paid in the first months of the calendar year, when the firms started their R&D projects. And it had to be spent during the calendar year. The EFIDT tax credit was announced at the start of the fiscal year. Awarded firms had to spend the tax credited amount on the awarded R&D project during the fiscal year. Then, they got a discount on their corporate income tax at the end of the fiscal year. So, in this setting the Mexican tax credit acted as a "deferred" subsidy.

Data and Methodology

Data

This research relies mainly on three sets of data. Two sets are administrative data provided by CONACYT. The first of these two datasets provides information on 8,428 projects belonging to 1,316 firms that were awarded with the EFIDT tax credit in the 2004 to 2008 period.

The second dataset contains information on 6,361 projects that were submitted to the PEI Hence, to merge the firms in the CONACYT data to the censuses, I use identifying variables present across datasets, namely: the firm's name, state location and sector. Merging firms this way bears some complications. Among others, spelling mistakes are common. Regular merging commands cannot handle this type of merging, thus, I follow a special algorithm to merge the firms.11 With this algorithm, I successfully merge around 70 percent of firms in the EFIDT dataset and 50 percent of firms in the PEI dataset (see Table 4). The reason I can merge a higher rate of firms in the EFIDT dataset is the presence of relatively more large firms. These tend to have higher survival rates and fewer registration mistakes in both the CONACYT and INEGI datasets.

Methodology

This research aims at analyzing the impacts of the EFIDT R&D tax credit and the PEI R&D subsidy on outcomes related to private firm R&D activities. Let us start by describing the following basic econometric model:

Y i = α + βT i + i (1)
where Y i is the outcome for firm i, T i is a variable equal to one if firm i is awarded with an R&D supporting program and zero otherwise, and i is a random error. In equation (1), β represents the effect of receiving the R&D award on the outcome. However, as awards are not randomly allocated, if we estimate (1), parameter β is likely to be biased as awarded and non-awarded firms can differ on unobserved characteristics correlated with outcome Y i .

I can deal with this problem if I find a set of observable conditioning variables X i for which outcomes Y i are independent of treatment T i conditional on X i . I follow this path with the propensity score matching approach introduced by [START_REF] Rosenbaum | The central role of the propensity score in observational studies for causal effects[END_REF]. The technique is based on pairing program participants with non-participants. The pairs are chosen based on the similarity in the probabilities to receive the R&D tax credits or subsidises. The impact of the program is estimated as the mean difference in the outcomes of the matched pairs. Deriving causality from the estimates obtained with the matching technique can be problematic as it depends on finding an appropiate set of conditioning variables X i . 12 The more information I have on the awarding criteria, the best I can replicate the probability to be awarded, and the less bias I can expect on my matching estimators.

The policies and data I use in this paper have important advantages for this aim. First, in both the EFIDT and PEI programs, evaluators assessed the submitted projects according to guidelines that clearly defined the firm characteristics to be measured. These evaluations were used later to determine which projects got the awards. I can follow the guidelines to define the conditioning variables X i that resemble the criteria used to decide which firms got the awards. The economic census data provides a rich set of variables allowing to actually construct the set X i based on the awarding criteria. A second advantage is the large number of firms available in the census databases. This offers a large pool of possible matches. 13Indeed, all treated firms lie in the region of common support, i.e. all awarded firms have propensity scores lower than the maximum or higher than the minimum scores of the nonawarded firms. In addition, to guide the estimations, I take into account recommendations in previous research to construct the set of conditioning variables X i .

Let us now describe the matching technique with more precision. First, define a propensity score as P = P r(T = 1|X). The propensity score allows to reduce the dimensionality of the set of conditioning variables X i to a single score P i that determines the probability to be awarded with a R&D program. A matching estimator takes the form:

β = 1 N 1 i∈T 1 ∩Cp [Y 1i -Ê(Y 0i |T i = 1, P i )] (2) 
Where

Ê(Y 0i |T i = 1, P i ) = j∈T 0 W (i, j)Y 0j
T 1 denotes awarded firms and T 0 denotes non-awarded firms. C p is the region of common support, and N 1 is the number of firms in the set T 1 ∩ C p . The match for each firm awarded with a R&D program i ∈ T 1 ∩ C p , is a weighted average over the outcomes of non-awarded firms j∈S 0 W (i, j)Y 0j . Weights W (i, j) depend on the distance between P i and P j . So the matching estimator β is simply a weighted difference between the outcomes of awarded firms and non-awarded firms. To select the non-awarded matched firms, define a neighbourhood B(P i ) for each awarded firm i. Neighbours for i are non-awarded firms j ∈ T 0 for whom P j ∈ B(P i ). Matching estimation methods differ in the way the neighbourhood is defined. I follow three ways to define the neighbourhood B(P i ): one-to-one matching, k-nearest neighbours matching and kernel matching. 14

As for the variables that should be included in the set of conditioning variables X, the only variables that influence the estimates are those that determine selection into the awards 14 In the one-to-one matching, the neighbourhood is B(P i ) = min||P i -P j ||, j ∈ I 0 . That is, the nonawarded firm with value P j that is closest to P i is selected as the match for i. I match without replacement so each T = 0 firm serves as match for at most one T = 1 firm. Since the census has a large number of firms, I do not need to reuse firms to preserve the quality of the matches. On the other hand, I increase the number of non-awarded firms to construct the conterfactual outcome, thus reducing the estimator variance. In the k-nearest neighbours matching, the awarded firm i with value P i is matched to the k = 10 non-awarded firms for whom the value P j is closest to P i . Each of the k = 10 nearest neighbours receive the same weight when I construct the conterfactual mean outcome. Using k > 1 neighbours as matches reduces the variance, as more information is used to get a conterfactual on each awarded firm, but it may increase bias by using matches with more distant scores. In kernel matching, the match for each awarded firm i is constructed using a kernel-weighted average over multiple non-awarded firms. The weights depend on the distance between each non-awarded firm and the awarded firm for which the contractual outcome is being constructed. I use the epanechnikov kernel to construct my estimates. More information on this statistical method can be found in [START_REF] Silverman | Density Estimation for Statistics and Data Analysis[END_REF].

T and the outcomes Y . 15 The firm characteristics assessed in the EFIDT and PEI evaluation guidelines can be grouped into the following categories: 1) firm experience in the market, which I control for with the firm age; 2) firm profitability, which I include with the firm profit margin, interest costs over total costs and a dummy variable that indicates availability of own resources to fund innovation projects; 3) region and sector preferences, which are controlled with six region dummies and six sector dummies; and 4) previous experience in R&D projects, which is controlled for with a dummy variable that indicates presence of an innovation department, a dummy variable that indicates collaboration with research centres and a dummy that indicates past positive research spending. In addition, I include other variables in set X based on previous research that analyses R&D tax credits and subsidies with matching techniques: 16 total employees (expressed in logarithm) to take into account firm size, as it has been noted that bigger firms tend to carry out more R&D activities; fixed assets per employee as research shows that more capital intensive firms might be involved in more R&D; exports over total sales and a dummy for foreign capital participation, to take into account the differences in R&D support that might come from more exposure to the international markets; a dummy for firms that receive other government subsidies, to control for the past expertise of firms on applying for and receiving public funds. Finally, note that for estimate β not to be biased, the set of controlling variables X must not depend on treatment T . Thus, all the variables in the conditioning set X are taken from the pre-treatment census year. For the EFIDT tax credit, I take control variables from the 2004 Economic Census. For the PEI subsidy, controls are taken from the 2009 Economic Census.

The matching estimator described in equation ( 2) assumes that, after conditioning on 15 Variables that do not influence the treatment do not influence choice into the R&D programs, thus do not influence selection bias. The variables that influence treatment but do not influence the outcomes, create selection but do not have an impact on the distribution of the outcome, so they have no impact on possible selection bias.

16 See [START_REF] Almus | The effects of public r&d subsidies on firms' innovation activities: The case of eastern germany[END_REF], [START_REF] Duguet | Are r&d subsidies a substitute or a complement to privately funded r&d? an econometric analysis at the firm level[END_REF][START_REF] Duguet | The effect of the incremental r&d tax credit on the private funding of r&d an econometric evaluation on french firm level data[END_REF], [START_REF] Czarnitzki | Additionality of public r&d grants in a transition economy[END_REF], [START_REF] Aerts | Two for the price of one?: Additionality effects of r&d subsidies: A comparison between flanders and germany[END_REF], [START_REF] Özçelik | R&d support programs in developing countries: The turkish experience[END_REF], [START_REF] Corchuelo | Who benefits from r&d tax policy? Cuadernos de[END_REF], [START_REF] Czarnitzki | Evaluating the impact of r&d tax credits on innovation: A microeconometric study on canadian firms[END_REF][START_REF] Carboni | R&d subsidies and private r&d expenditures: evidence from italian manufacturing data[END_REF], [START_REF] Cerulli | Evaluating the robustness of the effect of public subsidies on firms' r&d: an application to italy[END_REF] and [START_REF] Kobayashi | Effect of r&d tax credits for smes in japan: a microeconometric analysis focused on liquidity constraints[END_REF]. a set of firm characteristics X, outcomes are conditionally independent of treatment T . This is a strong assumption, β estimates from equation ( 2) may be biased by unobserved variables. So, I use an additional estimator to overcome this assumption. A differences-indifferences (DID) matching approach, as defined in [START_REF] Heckman | Matching as an econometric evaluation estimator: Evidence from evaluating a job training programme[END_REF][START_REF] Heckman | Characterizing selection bias using experimental data[END_REF] allows to compare the change in the outcome for the awarded firms, and the change in the outcome for the non-awarded firms. The DID matching estimator allows to purge all time-invariant unobservables in the matched firms. With this estimator I can recover the true impact of the R&D programs, as long as the non-observables in the treatment and control groups follow common time trends. The DID matching estimator is similar to the regular diff-in-diff estimator, but it does not impose a linear functional form and the control group is drawn via propensity score matching. In particular, it is given by:

β = 1 N 1t i∈T 1t ∩Cp {(Y 1ti - j∈T 0t ∩Cp W (i, j)Y 0tj } - 1 N 1t i∈T 1t ∩Cp {(Y 1t i - j∈T 0t ∩Cp W (i, j)Y 0t j } (3) 
Where T 1t , T 1t , T 0t , T 0t denote awarded and non-awarded firms in periods t -after the award took place-, and t -before the award took place-. I show results for the one-to-one, k-nearest neighbours and kernel matching estimates, both in "cross-section" matching (eq.

2) and DID matching (eq. 3).

I evaluate two outcomes: 1) personnel working on innovation activities, and 2) patent registrations. 17 These outcomes are associated to a different "intensity" on the undertaking of R&D. In the economic censuses, innovation is defined as the introduction of new or significantly improved products (goods or services) or processes (including production methods)

17 Both the EFIDT tax credit and the PEI subsidy granted money for the following factors associated to the submitted R&D project: wages, designs and prototypes, patents and intellectual property, operation costs, equipment for the research laboratory and laboratory improvements.

into the market. Innovation may come from well defined projects, or from routine improvements, spontaneous ideas or other non-systematic factors. So, the outcome on personnel working on innovation is my weak measure of R&D, as increases in innovation activities may be driven by well-defined projects or from non-systematic work. On the other hand, the patent registration outcome is my strong measure of R&D since it gives a more certain indication of the "success" of increased R&D undertaking.

Results

Let us first introduce the estimates of the EFIDT program. Table 5 shows the results of the propensity score model and Table 6 shows the "cross-section" matching results of β from equation (2). We see in Table 6 that, for the innovation personnel outcome, all estimates are positive and statistically significant. This means that the EFIDT program increases the probability of having personnel working on innovation by around 0.15 points in a zero to one scale, according to the one-to-one matching estimate. Concerning patenting activities, the estimates from equation (2) show a positive and statistically significant impact as well, but the effect is smaller. According to these estimates, the EFIDT program increased the probability of registering patents by around 0.08 points. However, after conditioning on X, there might still be unobserved variables biasing β.

If these follow common trends in the treatment and control groups, I can purge them with the DID matching estimator of equation ( 3). These results are shown in Table 7. For the outcome on innovation personnel, we see that the positive and statistically significant β estimates are maintained in all matching estimators. The size of the effect is reduced by half in the kernel estimates, but remains similar for the one-to-one and 10-nearest neighbor estimates. On the other hand, for the outcome on patent registration, we see that β estimates are no longer statistically significant. Further, they are negative in two of the matching estimators. The one-to-one estimates of β in cross-section and DID matching are depicted in Figure 3. For the innovation outcome, we clearly see estimates significantly different from zero at a 95 percent confidence level in the post-treatment period (eq. 2) and in the DID estimate (eq. 3). The mean difference between awarded and non-awarded matched firms (β) in the pre-treatment period is not statistically different from zero. This means that firms in the treatment and control groups allocated personnel to innovation activities similarly before treatment. For the patent outcome, we see a β different to zero in the pre-treatment and post-treatment periods. So, patenting differences between treated and non-treated firms appear not be due to the tax credit. This results in a DID estimate not statistically different from zero. Thus, the evidence suggests that the EFIDT program led to an increase in the probability of having personnel allocated to innovation activities. But not to an increase in the probability of patent registration. Now let us review the effects of the PEI program. Table 8 shows the results of the propensity score model and Table 9 shows the β estimates from equation (2). Table 9 shows that the subsidy has a positive and statistically significant impact on both innovation personnel and patent registration. For the innovation personnel outcome, the size of the effect is larger than the one of the EFIDT program, ranging from ≈0.30 to ≈0.40 point increase in a zero to one scale. The β estimates are also positive and significant for the patent registration outcome.

And orders of magnitude are, as well, larger than those of the EFIDT program. Table 10 shows the DID matching estimates of equation (3). Concerning the innovation outcome, the estimates remain positive and statistically significant. With respect to the patents outcome, all DID matching coefficients are positive. Two of them are statistically different from zero at a 90 percent confidence level, but none at conventional 95 percent levels. Figure 4 depicts the one-to-one matching estimates of β in cross-section (eq. 2) and diff-in-diff (eq. 3) for the PEI subsidy. For the innovation outcome, mean differences between treated and non-treated firms are positive and significant in the post-treatment period and in the DID estimate. For the patent outcome, we see a DID estimate whose confidence interval is mostly positive, but I cannot accept a β different from zero by a small margin at the 95 percent confidence level.

Let us do a brief comparison of the effects of the EFIDT program versus the PEI program. I focus in my preferred estimator: the differences-in-differences matching. Concerning the innovation personnel, the point estimate of β, is larger for the PEI program by around 0.10 points in a zero to one scale. As for the patent registration outcome, the β point estimates for the PEI program are positive in all cases, although with low levels of significance.

Concerning the EFIDT patenting estimates, all are close to zero, sometimes negative and below 90 percent level of significance in all cases. So, overall the evidence suggests that the PEI subsidy had a larger effect on private R&D activities compared to the EFIDT tax credit.

As mentioned above, in the Mexican policy setting, the R&D tax credit is the equivalent to a "deferred" subsidy. So, the different effects of the EFIDT tax credit versus the PEI subsidy should be considered, all other things remaining equal, as the result of a change in the moment when the funds are delivered, not as the result of a complete switch from a regular tax credit to a subsidy. With this in mind, the results of the propensity scores may shed light on the factors that drive the distinct effects of the EFIDT versus the PEI program. Tables 5 and8 show the variables that determine the probability to be awarded with R&D support under each program. For both EFIDT and PEI, the probability to be awarded is increasing in: firm experience in the market, controlled with firm age; firm experience with R&D activities, controlled with presence of innovation department, among other variables; firm size, controlled with employees; and capital intensity, controlled with fixed assets per employee. However, solvency affects the probability to be awarded in different ways under the EFIDT program versus PEI. The profit margin increases the probability under the EFIDT program, whereas the effect is not significant for the PEI subsidy. This suggests that profitable firms could access more easily the tax credit compared to the subsidy.

In addition, the availability of own resources to fund innovation projects has a negative sign in the PEI propensity score. This indicates that the PEI program might have favored firms that did not have access to other R&D resources. The switch from the tax credit to the subsidy basically changed the moment when the funds were disbursed to firms. So, granting access to funds at the start of the research project, might have included firms that were previously left out due to solvency or financial constraints. This in turn, could be a the driver of the larger effects on R&D activities that we observe under the PEI subsidy program.

Conclusion

This paper compares the effects of granting R&D funds at the start of the R&D project rather than long after the project began. My results suggest that this policy change is beneficial as the effects from the R&D subsidy are larger. This paper is in line with [START_REF] Chávez | The effects of public r&d subsidies on private r&d activities in mexico[END_REF]. That research focuses on the R&D subsidy with a quasi-experimental methodology.

It shows that the subsidy led to an increase in the probability of hiring innovation personnel, with no effects on other outcomes. In addition, this paper is complementary to research by [START_REF] Calderón | Evaluación del programa de estímulos fiscales al gasto en investigación y desarrollo de tecnología de las empresas privadas en méxico (efidt)[END_REF]. He studies the R&D tax credit with a two step model, and finds that it had a positive effect on private R&D spending. My research complements the picture with other outcomes. Further analysis on patenting activities is needed, as this research did not give conclusive answers. Patent registration is a "stronger" R&D outcome as it is a more reliable measure of R&D success. So, the policy designs that may improve patenting activities in private firms are of great importance. Wasi, N. and Flaaen, A. (2015) 

A Merging Datasets

I merge two CONACYT datasets to the 2014, 2009 and 2004 Economic Censuses. The CONACYT datasets contain: 1) data on the firms that were awarded with the EFIDT tax credit in the 2004 to 2008 period, and 2) data on the companies that submitted projects to the PEI dataset in the 2009 to 2013 period. CONACYT provided information on three firm identifying variables: name, state localtion and economic sector. I use these variables to merge firms to the economic census datasets. This merging process was performed with datasets that only contain the firm identifying variables, and not the R&D outcomes or control variables. The merge was done at INEGI's Microdata Laboratory to guard data security.

I start by standardizing firm names in both datasets. First, I substitute all letters with an accent, such as "á" with the same letter without the accent ("a"). I also substitute "ñ" by "n". Then, I drop all special characters such as "&", "%", "-", etc. In addition, I drop all dots, commas and punctuation marks. I also drop all blank spaces that are not between words and convert all letters to upper case. Finally, I drop all acronyms that denote the firm legal status, such as "SA DE CV", "SC DE RL", "AC", among many others. Once names in both datasets are standardized, I proceed to the actual merging. First I merge firms by formal name. If I do not find an exact match with the formal name, I use the name shown at the establishment. If I do not find a match with the formal and establishment name within the state, I move to the other states until I find a match with either the formal or establishment name. The Economic Census dataset contains a registry of physical establishments. Since one firm can own many establishments and have them registered under the same name, matching by name can bring many establishment matches for the same firm in the CONCACYT datasets. When this happens, I keep the firm main establishment, given that the state location and sector are matched.

There are many instances in which I cannot get an exact match using names. Company names might be misspelled in the datasets. To face this matter, I use the recklink2 Stata command. 18 The command uses probabilistic matching and throws a set of likely matches ranked by a score. I use this probabilistic matching for the firms that I could not get an exact name match. I follow the same process described above, i.e. merging by name, state location and sector. This process brings many probable matches for one firm. For each firm, I check its probable matches one by one and select the one I think is the best based on the name, state location and sector.

  to purge time-invariant unobserved variables that may have not been accounted for with the matching method. This research relies on three sets of data. The first two sets are administrative data provided by CONACYT on the EFIDT tax credit and the PEI subsidy. These datasets are not publicly available. They outline the projects that were awarded with the EFIDT program in the 2004-2008 period and the PEI program in the 2009-2013 period. The third dataset is the Economic Census collected by Instituto Nacional de Estadística y Geografía (INEGI).

  subsidy from 2009 to 2013 by 2,842 companies. The third main dataset I use in this research comes from the 2014, 2009 and 2004 Economic Censuses collected by Instituto Nacional de Estadística y Geografía (INEGI). The census datasets can be accessed by researchers at INEGI's Microdata Laboratory. The census gathers information on companies performing economic activities in Mexico that can be located on a fixed address. This dataset provides the research and development outcomes I analyze as well as the control variables I use in my estimation strategy. Data on the EFIDT and PEI datasets is provided yearly. The census is gathered every five years. The economic census released on year 2014 contains information that corresponds to activities performed on year 2013. The census released on 2009 contains information for 2008. And the 2004 census contains information for 2003. So, the 2014 Economic Census provides post-treatment data for the firms in the PEI dataset -awarded projects in the 2009-2013 period-, and the pre-treatment data is obtained from the 2009 census. Similarly, the 2009 census provides post-treatment data for the EFIDT awarded firms -going from 2004 to 2008-, and I get the pre-treatment data from the 2004 census. The CONACYT and INEGI datasets do not count with a common code that uniquely identifies the firms across datasets.

  β estimates from equation (3) for the EFIDT tax credit. *** Statistically significant difference at the 1 percent confidence level. ** Statistically significant difference at the 5 percent confidence level. * Statistically significant difference at the 10 percent confidence level. Sources: EFIDT tax credit database and 2009, 2004 Economic Census.

  β estimates from equation (3) for the PEI subsidy. *** Statistically significant difference at the 1 percent confidence level. ** Statistically significant difference at the 5 percent confidence level. * Statistically significant difference at the 10 percent confidence level. Sources: PEI subsidy database and 2014, 2009 Economic Census.
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 3 Figure 3: EFIDT tax credit estimates (a) Outcome: personnel working in innovation activities
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 4 Figure 4: PEI subsidy estimates (a) Outcome: personnel working in innovation activities

  . Record linkage using stata: Preprocessing, linking, and reviewing utilities. Stata Journal, 15(3):672-697(26). Yang, C.-H., Huang, C.-H., and Hou, T. C.-T. (2012). Tax incentives and r&d activity: Firm-level evidence from taiwan. Research Policy, 41(9):1578 -1588.

Table 3 :

 3 CONACYT, EFIDT and PEI budgets 

	(millon 2018 Mexican Pesos)
	Year CONACT EFIDT and PEI
		budget	spending /1
	2002	14,833	958
	2003	15,813	923
	2004	15,566	1,764
	2005	15,530	5,090
	2006	16,833	6,549
	2007	17,266	7,086
	2008	20,893	6,741
	2009	24,069	2,366
	2010	25,956	3,218
	2011	27,364	3,071
	2012	28,696	2,478
	2013	33,621	3,594
	2014	39,546	4,551
	2015	40,341	4,055
	2016	39,211	4,585
	2017	31,472	1,826
	Note: This table shows CONACYT total
	budget and spending under the EFIDT and
	PEI programs.	
	/1 From 2002 to 2008, the column shows the
	total amount of tax credits awarded under the
	EFIDT program. From 2009 to 2017, the
	column shows the total amoun of subsidies
	awarded under the PEI program.
	Sources: CONACYT (2004-2017).

Table 4 :

 4 Number of Observations

	Number of observations	
	Projects Firms
	Subsidy		
	In CONACYT database	6,361	2,842
	Matched to Census	3,658	1,407
		57.5%	49.5%
	Tax Credit		
	In CONACYT database	8,428	1,316
	Matched to Census	6,453	932
		76.6%	70.8%
	Note: This table shows the number of observations in
	the EFIDT and PEI datasets and those firms success-
	fully matched to the Economic Census.	
	Sources: EFIDT database, PEI database and 2014,
	2009 Economic Census.		

Table 7 :

 7 Diff-in-diff matching results for the EFIDT tax credit

	Average treatment effects		
		Mean diff. Std. Err. T-test P. Val.
	Outcome				
	Was there personnel working in innovation activities in 2008? (Yes=1, No=0)
	One to one matching (no replacement)	0.163***	0.037	4.352	0.000
	Nearest neighbor matching (10)	0.132***	0.030	4.434	0.000
	Kernel matching	0.086***	0.027	3.225	0.001
	Did the firm register patents in 2008? (Yes=1, No=0)		
	One to one matching (no replacement)	-0.014	0.032	0.440	0.660
	Nearest neighbor matching (10)	0.001	0.027	0.044	0.965
	Kernel matching	-0.012	0.025	0.462	0.644
	Untreated observations	40,904			
	Treated observations	503			
	Total observations	41,407			

Note: This table shows

Table 10 :

 10 Diff-in-diff matching results for the PEI subsidy

	Average treatment effects		
		Mean diff. Std. Err. T-test P. Val.
	Outcome				
	Was there personnel working in innovation activities in 2013? (Yes=1, No=0)
	One to one matching (no replacement)	0.220***	0.055	3.970	0.000
	Nearest neighbor matching (10)	0.277***	0.044	6.336	0.000
	Kernel matching	0.131***	0.040	3.299	0.001
	Did the firm register patents in 2013? (Yes=1, No=0)		
	One to one matching (no replacement)	0.114*	0.064	1.763	0.079
	Nearest neighbor matching (10)	0.100*	0.053	1.881	0.061
	Kernel matching	0.069	0.043	1.593	0.113
	Untreated observations	36,711			
	Treated observations	241			
	Total observations	36,952			

Note: This table shows

See research by[START_REF] Cameron | Technological convergence, r&d, trade and productivity growth[END_REF] in the United Kingdom, O'Mahony and Vecchi (2009) in the US, UK, Japan, Germany and France, or Bravo-Ortega and García Marín (2011) global study.

Research by[START_REF] Hyytinen | Do financial constraints hold back innovation and growth?: Evidence on the role of public policy[END_REF] or[START_REF] Czarnitzki | Research and development in small and medium-sized enterprises: The role of financial constraints and public funding[END_REF] indicates that investment in R&D activities is riskier than investment in physical assets.

[START_REF] Hall | How effective are fiscal incentives for r&d? a review of the evidence[END_REF] review pre-2000 literature on the effects of R&D tax credits on private R&D. In the studies they analyze, tax credits tend to have a positive effect on R&D expenditure, but with great variation.[START_REF] David | Is public r&d a complement or substitute for private r&d? a review of the econometric evidence[END_REF] review early literature on R&D subsidies. Evidence on the effects of this policy was less conclusive, as many studies report crowding-out effects, i.e. firms decrease their private R&D expenditure when they receive the subsidies.

Some studies find significant effects only for subsets of firms. For instance,[START_REF] Lach | Do r&d subsidies stimulate or displace private r&d? evidence from israel[END_REF],[START_REF] Bronzini | Are incentives for r&d effective? evidence from a regression discontinuity approach[END_REF] and[START_REF] Kobayashi | Effect of r&d tax credits for smes in japan: a microeconometric analysis focused on liquidity constraints[END_REF] find that the public R&D support in Israel, Italy and Japan, respectively, is only significant for small and medium sized firms.[START_REF] Görg | The effect of r&d subsidies on private r&d[END_REF] find that R&D subsidies in Ireland are effective for national firms, but not for foreign Ireland based firms.[START_REF] Jia | Do r&d tax incentives work? firm-level evidence from china[END_REF] show that R&D tax incentives in China have positive effects in R&D spending of private firms, but not on public firms.[START_REF] Haegeland | Input additionality in the norwegian r&d tax credit scheme[END_REF] find that the Norwegian tax credit is only effective for firms in low R&D sectors.

In the last four years, there was a rise in R&D spending from non-for-profit organizations. However, it still remains small in absolute terms compared to public or private sector funding. More information on the R&D context in Mexico can be found inCONACYT (2004CONACYT ( -2017)).

Besides the EFIDT and PEI programs, CONACYT managed other funds and programs to support private R&D. For more information on these programs see[START_REF] Villavicencio | Recent changes in science and technology policy in mexico: Innovation incentives[END_REF] and[START_REF] Villavicencio | Retos para el diseño de políticas en méxico en el marco de la innovación abierta[END_REF].

The federal government that took office in December 1, 2018 decided to discontinue the PEI subsidy as well, alleging that scarce R&D funds should not be transferred to private firms. The administration argues that funds can be put to better use in other type institutions. See the press conference on June 27, 2019 by CONACYT's director Elena Álvarez-Bullya https://www.youtube.com/watch?v=i5cYvoXEzGM.

Specifically, it went from 14,833 million MXN in 2002 (at 2018 constant prices) to 29,956 million MXN in 2009, and then to 40,341 million MXN in 2015, the year with the highest budget. More resource availability might have allowed CONACYT to decide directly which R&D projects to support via subsidies. Since year 2015, cuts have reduced CONACYT's budget to 26,925 million MXN in year 2018. In year 2017, the agency decided to reintroduce the EFIDT tax credit, although the awarded amounts were small compared to those of the 2000's decade. In year 2019 the PEI subsidy was completely abolished, but the tax credit remained. Diminished resource availability might have been behind this decision. Table3shows more data on CONACYT's budget.

In both programs, a company could submit more than one R&D project. More than one project per company could be awarded in the same year. Projects already supported by another CONACYT program could not be submitted, effectively ruling out most other available public R&D programs in Mexico. For both programs, companies wishing to apply to the awards had to be legally constituted, registered with the tax authority and be up-to-date with their tax obligations. So, informal firms were not eligible.

For the PEI subsidy, the granting process included a grade threshold on the evaluations. Projects graded below the threshold by the evaluators were not passed to the CONACYT committee, so they did not get the subsidy. The committee selected which projects got the PEI grants from those that were graded above the threshold. However, not all projects above the cut-off got the grants. Since my estimation strategy is based on comparing awarded firm outcomes to those of non-awarded firms (selected with a propensity score), I only need information on which firms were actually awarded with the EFIDT tax credit or the PEI subsidy. Thus, the grade threshold in the PEI granting scheme does not affect my estimates. I use PEI's grade threshold in[START_REF] Chávez | The effects of public r&d subsidies on private r&d activities in mexico[END_REF] to estimate the impact of the subsidy in a wider set of outcomes with a regression discontinuity design.

A detailed description of the algorithm is provided in Appendix A.

Research by[START_REF] Smith | Does matching overcome lalonde's critique of nonexperimental estimators[END_REF] finds that matching estimators are highly sensitive to the choice of different subsamples and to the set X i . In addition,[START_REF] Heckman | Sources of selection bias in evaluating social programs: An interpretation of conventional measures and evidence on the effectiveness of matching as a program evaluation method[END_REF][START_REF] Heckman | Matching as an econometric evaluation estimator: Evidence from evaluating a job training programme[END_REF] and[START_REF] Lechner | Some practical issues in the evaluation of heterogeneous labour market programmes by matching methods[END_REF] find that, for matching estimators to have low bias, datasets must include a rich set of variables related to program participation and outcomes to be able to construct a good set X i . These variables should be measured in the same way for the treated and non-treated sample.

[START_REF] Heckman | Sources of selection bias in evaluating social programs: An interpretation of conventional measures and evidence on the effectiveness of matching as a program evaluation method[END_REF][START_REF] Heckman | Matching as an econometric evaluation estimator: Evidence from evaluating a job training programme[END_REF][START_REF] Heckman | Characterizing selection bias using experimental data[END_REF] find that a source of bias in matching estimation may come from the absence of possible matches for all program participants. If there are treated firms for which no matches can be found, then the treatment effect has to be defined as the impact of the R&D programs for companies in the common support region.

For detailed information on this Stata command seeWasi and Flaaen (2015).

* I am grateful to Antoine Bozio, my PhD advisor, for his constant support and guidance. I also thank Jimmy Lopez, Loriane Py for their valuable comments. Furthermore, I thank Consejo nacional de Ciencia y Tecnología (CONACYT) for its financial funding through its doctoral scholarships. Moreover, I am grateful to personnel at CONACYT for gently providing the data on which this research relies. This work has been funded by a French government subsidy managed by the Agence Nationale de la Recherche under the framework of the Investissements d'avenir programme reference ANR-17-EURE-001. The data processing and statistical calculations in this paper were performed at the Microdata Laboratory of Instituto Nacional de Geografía y Estadística (INEGI) to protect data security. The comments, opinions and conclusions in this paper are of my own and do not reflect those of CONACYT or INGEI's Microdata Laboratory.

Tables Table 1: Note: This table shows a summary of previous literature on the effects of R&D subsidies and R&D tax credits on private R&D activities.

/1 The effect is larger in poorer regions. /2 Significant for small and medium sized firms. /3 Significant for firms owned by nationals. /4 Significant for small firms. /5 Significant for private firms. /6 Significant for small and medium sized firms. /7 Significant for large firms. /8 Significant for firms in low R&D sectors. /9 Significant for high-tech firms. /10 The effect of tax credits is larger. I merge the firms in the EFIDT dataset to the 2009 Economic Census, and those of the PEI dataset to the 2014 Economic Census. These censuses give the post-treatment data for each of the EFIDT and PEI programs. However, I must find the merged EFIDT and PEI firms in the previous census datasets to get the pre-treatment information. The 2014 and 2009 censuses count with a variable that identifies firms in both censuses. I use this variable to find the PEI firms that I merged to the 2014 Economic Census in the 2009 census. The 2004 census does not have a variable that identifies firms across different census datasets. To find the EFIDT firms that I merged to the 2009 Economic Census in the 2004 census, I use the identifying variables created by [START_REF] Busso | The longitudinal linkage of mexico's economic census 1999-2014[END_REF].

Once the merging process across datasets was completed, INEGI provided a dataset with the firm R&D outcomes and control variables but without the firm identifiers. I use this dataset to evaluate the tax credit and subsidy effects on the R&D outcomes. The evaluation analysis was also performed at the Microdata Laboratory to guard data security.