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ABSTRACT

This paper aims to analyze which are the factors that influence the use of scientific knowledge in the innovations patented by agrifood firms in Spain. We uses non patent citation methodology (NPC) to illustrate and quantify to what extend scientific literature is used to support patented innovation in agrifood sectors, and in particular our main objective is to contrast whether collaboration with universities, in adittion to other firm`s technological characteristics are the determining factor in this process. The data suggest that scientific citations in patent documents are geographically more concentrated than patents, and scientific citations are more common in agrifood products and chemical products than in agrifood machinery. Our econometric results suggest that internal factors related with the characteristics of the innovation and the firm (sector, leadership, etc), with collaboration with a public research institution, apart from size of the firm, are relevant factors that contribute to explain the use of scientific knowledge in agrifood firms.
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1. INTRODUCTION
Agrifood sectors play an important role in Spanish economic, contributing with 8.7% of the GDP and more than 13.5% of the total employment; however very little is know about innovation in this sector in Spain, and nothing about the use of science by firm in their process of developing technology. This paper uses non patent citation methodology (NPC) to study the flow of knowledge between science and technology in agrifood firms in Spain. We aim to illustrate and quantify to what extend scientific literature is used to support patented innovation in agrifood sectors, and in particular our main objective is to contrast whether collaboration with universities, in addition to other technological characteristics of the firms,  are the determining factor in this process. 

Generally speaking, the analysis of the use of science in patented technology is important because two reasons. First, the scientific support of an invention contributes to the creation of patents of better quality. Some papers have found a tight relation between the use of scientific knowledge in patented inventions and the level of quality of these patents (Albert et al., 1991; Thomas,1999; Harhoff et al., 1999, 2003; Lanjouw and Schankerman, 2004b). Second, from a political point of view, it is well known that in Europe, the recognition of the existence of a gap between high levels of scientific performance and the relatively lower levels of science contribution to industry and economis (the European Paradox) has become a matter of concern, and all the research that contributes to shed light on this issue will be welcome. In this respect, it is especially important to contrast to what extend a tight collaboration with universities may yield to a greater use of science by firms. Both reasons are also important in agrifood sectors; on the one hand, agrifoof companies rely on scientific principles in processing foodstuffs, quality analysis and safety control (Christensen et al, 1996). Some processors, facing saturated markets for traditional foods, have moved to new high value products which have a common characteristic of benefiting from advanced technology in biotechnology, chemicals and drugs, (Alfranca et al., 2004). On the other hand, the European Paradox is especially important in agrifood, where innovations are more and more supported on scientific research in fields such us biotechnology or chemicals, where there is a high scientific performance but perhaps a little contribution to improve technological development. The identification of the factor determining the use of science in this sector may help to a better organization of this sectoral system of innovation.

The paper is organized as follows. In the next section we discuss the literature that is relevant for this research. In the third section we construct an empirical framework to study scientific citations following NPC methodology. Conclusions and policy implications are drawn at the end of the paper.

2. SOME ISSUES ABOUT NON PATENT CITATION METHODOLOGY (NPC)
The methodology we follow to analyse the science base of technology in agrifood sector relies on the analysis of scientific citations in patent documents. We make the same assumption as in other recent studies that the scientific citations in patent documents (NPC) are a proxy variable to represent a particular unit or item of scientific knowledge that is required or considered useful for the development of patented technology (Meyer, 2000a, 2000b, 2000c, 2002; McMillan et al., 2000; Tijssen, 2000, 2001, 2002; Verbeek et al., 2002). Patented inventions generally incorporate public and private knowledge in different proportions, and this materialises in references to citations of other patents and scientific literature. In patent documents, as in scientific articles, it is usual to provide references or citations, the objective of which is to describe the antecedents or "state of the art" prior to the invention. The antecedents or state of the art include not only other patents that have been utilised as support for the invention, but also bibliographical references to scientific literature and technical publications. These citations provide some indications of the potential contribution of the published research to the inventions patented. But the essential question to confer validity to the procedure followed in this study is: Do the scientific citations in patent documents genuinely reflect the use made of scientific knowledge by the industrial sector? The following arguments will help to answer this question:


- The references included in a patent are less likely to be redundant or superfluous than those incorporated in a scientific article, due to the control that is exercised over patents and to their legal consequences (Collins and Wyatt 1988; Verbeek et al. 2002).


- The empirical analyses conducted in various studies (Grupp and Schmoch 1992; Schmoch 1993; Narin and Olivastro 1998; Meyer 2000a 2000b) identify a number of reasons why examiners, applicants or inventors incorporate NPCs in patents or do so with different intensities or frequencies, and not all are related to possible interrelationships with science.
 


- The aggregate studies seem to confirm that NPCs measure the intensity of the science supporting the innovations patented; however, a more diffuse view appears in determining the type of relationship between research published and inventions patented (Tijssen et al. 2000; Tijssen 2002). Narin et al. (1997) are relatively optimistic in respect of the NPC methodology for measuring the relationships of dependence of technology on academic research (they utilise this conclusion to argue that "public science is a driving force behind high technology"). Other authors are less optimistic when it comes to describing science-technology links and prefer to speak of interactions (Schmoch 1993). Therefore, “it does not seem appropriate to use the linear science-push model to interpret patent citation data” Meyer (2000a), and also “One should refer to science and technology interplay rather than speak of science-dependence in the context of patent citations” (Meyer 2000c). This lack of clear causality is also noted by Tijssen who refers to “the questionable validity of these citations as causal measures of knowledge flows from the science base to the technology domain” (Tijssen 2002). In summary, various validation studies seem to have lowered the degree of optimism expressed in the initial studies of Narin and his co-workers when interpreting the results obtained from the study of NPCs, and it seems that it would be more appropriate to speak of interactions, links or science-technology flows, in place of relationships of causality, of dependence or of science driving technology, as postulated by a linear model.

The conclusion after presenting these arguments can be summarised as follows: the scientific citations in patent documents are useful indicators for reflecting the relationships between the scientific and industrial fields, but they only constitute a partial perspective of the complex science-technology relationships. Scientific citations only reflect one part of the contribution of science to technology, above all, the part of codified knowledge that is utilised as a source of ideas, analytical methods and data: other interesting sources of tacit knowledge are captured by means of this methodology. 

This was a brief summary about the general method to measure the relation between science and technology what is known about its application to identify the science base of technology in agrifood sectors? To our knowledge only Alfranca et al. (2003) have examined innovation in agrifood sectors using patents, but none of them have analysed the scientific base with NPC methodology.

3. EMPIRICAL FRAMEWORK
In this section we carry out an empirical analysis to identify which are factors that determine the use of science in agrifood sectors in Spain.  In order to achieve this objective, we use, as we explained above, non patent citation (NPC methodology) to construct an econometric model considering the factors used in previous literature. Our sample contains 392 agrifood spanish firms that have applied for at least one patent in the period 1996-2004. 

3.1 The model

Our intention is to contribute to the explanation of what are the factors that condition or determine one of the resources of the companies that generate technology: scientific knowledge, particularly we focus on the role of the collaboration with a university. To represent this phenomenon adequately, we suggest, following Coronado and Acosta (2005), a function of utilisation of scientific knowledge:
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Where SK represents the application of scientific knowledge by the company i, for the development of a particular technology, which is a function of the collaboration of the firm with an university Ci, and a set of control variables Ti that jointly express the needs and capabilities of a firm for the adoption and absorption of scientific knowledge.

3.2 Variables

Dependent variable

In order to quantify the variable SK, we utilise the scientific citations in patent documents as valid indicators reflecting the application of scientific knowledge in industry; so, accepting the considerations and limitations indicated in the previous section (see the literature review above) the number of the non patent citation made by each company in the text of their patents is the dependent variable. But our work presents two fundamental differences with respect to the empirical studies that have been based on the analysis of scientific citations for analysing the behaviour of science-technology relationships:

- 
First, unlike the approach that is becoming habitual, our analysis has been made utilising the domestic patents (NLP), rather than European (EPO), international (PCT) or American (USPTO) patents. The reason for this choice is the actual delimitation or definition of scope of this study; the use of national patents widens the information: domestic patents are the most numerous, and distortions are not introduced (high quality technology that pursues protection by other routes is not left on the margin, since most of the patents of Spanish companies that follow an European, international or American route have previously been applied for through the national NLP route). To this it must be added that, in many Spanish regions (above all, in the less developed regions) the EPO, PCT or UPSTO patents are not very representative of the technology that is developed in these zones. 

- 
Second, other studies that have employed this indicator are based on the citations included by the examiner of the patent; these do not always coincide with those made by the applicant. In our case, the citations collected and classified are those included in the complete text; in other words, they are the citations made by the inventor, and not those added by the examiner. In our opinion, the inventor's citations better represent science-technology relationships and the industrial use of scientific research, since the citations of the examiner have been added for other purposes.

Explanatory variables

We attempt to explain the use of science by agrifood firms, proxy as NPC, by the collaboration with a university and a set of other explanatory factors. With regards to the first variable, it is well known that physical proximity between academic research and biotechnology companies is positively related to the existence of collaboration between the two fields (Audretsch and Stephan, 1996). They conclude, however, that this evidence is not absolute, and that relationships can be maintained effectively over long distances by companies prepared to invest in collaboration with the academic community (Audretsch and Stephan 1996). In consequence, a type of spillover effect, derived from the company's collaborative relationships with the academic community may exist. We have accounted for these possible vertical spillover effects of scientific knowledge by means of a dichotomous variable that indicates whether or not the patenting company has collaborated with a university or public research institution in the development of the patent. 

In order to achieve a correct specification of our model, some control variables should to be included. Particularly it is well known that the needs and capacities of a firm for the absorption and adoption of scientific knowledge play a roll as determining factor of the use of science. Various studies have demonstrated that scientific research is relevant for industrial R&D in only a reduced number of industrial activities or sectors, typically in agriculture, chemicals and pharmaceuticals, electronics and precision instruments (Mansfield 1991, 1998; Jaffee 1989; Jaffe, Trajtenberg and Henderson 1993; Audretsch and Feldman 1996; Klevorick et al. 1995; Meyer-Krahmer and Schmoch 1998).
 In general, those sectors subjected to processes of accelerated technological change and obsolescence usually present closer or stronger relationships with the scientific community than other economic activities.  In order to reflect the need and ability to absorb scientific knowledge empirically, the literature in this field initiated by Cohen and Levinthal (1989, 1990) has emphasised the performance of R&D activities as a fundamental, but not unique instrument for strengthening the capacity of a company to absorb scientific knowledge. In our model we capture the potential of companies for undertaking R&D activities (absorption capacity) by means of the variables defined in Table 1. 

	TABLE 1. DEFINITION OF EXPLANATORY VARIABLES

	Name
	Definition

	Collaboration with a University

	Ci
	Binary variable which has a value of 1 if company i has collaborated with a university or public institution in submitting the patent; otherwise, the value is 0. This variable takes account of vertical spillovers of scientific knowledge.

	Needs and capacity for the absorption and adoption of scientific knowledge

	Gji (j=1 to 2)
	Binary variables which take into account of the technological sector j (Group) in which the patent of the company i has potential applications.

G1i has a value of 1 if the patent belonging to the company i has applications in sector 14 (agriculture and food chemistry) otherwise, the value is 0.  G2i has a value of 1 if the patent belonging to the company i has applications in sectors 14 and 25, otherwise, the value is 0. The base category is sector 25 (agriculture and food processing machinery and apparatus).

	F ji
	Fjii takes  value of 1 if the patent belonging to the company has applications in agrifood sectors and additionally in other sectors different from agrifood; 0 if the patent has applications only in agrifood sectors. 

	Sji (j=1 to 3)
	Binary variables which take into account the sector in which the company’s economic activity is involved. S1 takes value 1 if the firm is involved in Agricultural activities (CNAE 0); S2 takes value 1 it the firm is involved in Agrifood industry; S3 takes the value 1 otherwise (any other sector not related directly with agrifood)

	Di
	Variable which takes into account the number of sectors in which company i files patents. It represents the technological diversification of the company.

	Lji
	Two variables that capture the technological leadership of the company.

The first, technological leadership in agrifood sector (L1), defined as the number of patents of company i in agrifood sector j, divided by the total number of patents in the sectorial ‘block’ (14 and 15) in which agrifood sector j is included.

The second one (L2), technological leadership in general, defined as the number of patents of company i in all sectors, divided by the total number of patents (included or not in agrifood sectors).

	Tki
	Binary variable which takes value 1 if the firm i has patent citations in its patents; 0 otherwise. This variable takes account of any other sources of (technological) knowledge employed by the company, other than scientific knowledge.

	Size of the company

	Lass
	Natural logarithm of assets of firm i. This variable will capture size effect.

	Source: own elaboration


Additionally, we have considered in our model a variable related with the size of the company. Even though Alfranca et al. (2003) say that there is no systematic relation between firm size and innovation intensity, their study was focused on multinational firms and the context is only a little bit similar to ours. Now it is generally accepted that size is a variable related with innovation and, probably, with the use of science in innovations. Huiban and Bouhsina (1998), in agrifood industry –for instance-, find relationship between firm size and innovation propensity. We will include this variable considering the natural logarithm of assest in 2004. The reason to consider this variable additionally is only to control possible size effects; we have to be cautious with this variable because the size, referred to 2004, can change during the period of the dependent variable, although it is not a usual thing
3.3 Empirical model

The substitution of these explanatory variables presented in Table 1 in the function of scientific knowledge leads us to the following equation:

Ski=f(Ci, Gji, Fji, Sji, Di, Lji, Tki, Lassi, ui)

Where ui captures the unobservable effects. The empirical treatment of the function of scientific knowledge use as described above suggests various possibilities. On the one hand, we may assume, for instance, that a binary variable describes scientific knowledge use; on the other hand, the nature of the data warrants the use of a counting variable to indicate the intensity of this use of knowledge based on the number of citations. In the first case, y* is a latent variable which may be represented by a binary indicator y=1(y*>0), where 1(A) indicates the occurrence of event A (company i makes use of scientific knowledge). The corresponding model may be based on the formulation of a normal or logistic binary response. 

The nature of the data suggests the formulation and estimation of a count model to quantify the intensity in the generation of technological knowledge (Poisson or Negative Binomial). The application of a Poisson model requires the assumption of equality of means and variances, a requirement that cannot always be met in practice. If the data show overdispersion, the standard errors of the Poisson model will be biased towards the low end, thus providing high values for the individual significance statistics (Cameron and Trivedi, 1986). The generally accepted model for avoiding this overdispersion is the Negative Binomial (NB2, in the terminology of Cameron and Trivedi (1986)). In this model, it is assumed that the variance is a quadratic function of the mean.

4. DATA
The criterion to construct the sample was as follows. In a first step we picked up from the Spanish Patent Office all the patents applied for companies in agrifood sectors (in the period 1996-2004). In a second step we analysed from other database the micro characteristics of the firms that applied for these patents. After deleting some firms with missing data, our final sample contains 392 observations (firms with their technological characteristics that have applied at least one patent in this period).
The patents of each company were classified according to sufficiently specific criteria capable of distinguishing between five technological areas and thirty subfields based on the International Patent Classification (IPC).
The units of observation in the models calculated are companies. The number of scientific citations of each company (the endogenous counting variable) was obtained as follows: a) If the company has only one patent, the count variable is simply the number of scientific citations incorporated in the text of the patent. b) If the company has two or more patents in the same sector, the count variable is the sum of citations in each patent. Taking this counting method into account, our sample contains 392 firms with a number of 591 patents in the period 1996-2004, both years inclusive. Of the 591 patents, 6.9% contain NPC scientific citations (references to scientific literature, text books and other citations), and 93.1% of patents of the sample do not incorporate scientific citations.
	TABLE 2. PATENTS, NPC AND PC CITATIONS BY REGION

	
	Numb. Patents
	Numb.

Firms
	Patents

with NPC
	Numb.

NPC
	Patents

with PC
	Numb

PC
	Firms

andUniv

colab

	Andalucía
	72
	46
	7
	79
	16
	121
	1

	Aragón
	23
	17
	0
	0
	6
	19
	0

	Asturias
	2
	2
	0
	0
	0
	0
	0

	Baleares
	7
	6
	2
	31
	0
	0
	2

	Canarias
	5
	4
	0
	0
	1
	4
	0

	Cantabria
	5
	5
	0
	0
	1
	7
	0

	Castilla-León
	19
	17
	3
	60
	6
	59
	2

	C-La Mancha
	10
	8
	0
	0
	0
	0
	0

	Cataluña
	206
	120
	16
	175
	44
	265
	3

	C. Valenciana
	82
	55
	4
	10
	16
	78
	1

	Extremadura
	3
	2
	0
	0
	0
	0
	0

	Galicia
	16
	11
	0
	0
	3
	17
	0

	Madrid
	59
	40
	5
	23
	15
	65
	2

	Murcia
	23
	19
	1
	14
	3
	22
	1

	Navarra
	33
	21
	2
	16
	6
	83
	0

	País Vasco
	19
	15
	1
	1
	2
	6
	0

	La Rioja
	7
	4
	0
	0
	2
	5
	0

	TOTAL
	591
	392
	41
	409
	121
	751
	12

	SOURCE: Own elaboration. 


The analysis of these data (Tables 2 and 3) give us some interesting patterns in the regional diversity of science-technology flows. The main characteristics of the picture revealed by these data are the following: 
- Territorial concentration of patents and science-technology flows. Agrifood technological knowledge is concentrated in 9 regions of the 17 autonomous regions of Spain. Eight regions have no agrifood patents and, obviously no scientific citations.

Catalonia is the autonomous regions that account for the largest flows, with 42.79% of the NPC citations; Andalusia (19.3%) and Castilla-León (14.7%) follow Catalonia. The concentration of citations is greater than that of the number of patents (these same three regions account for 50.25% of the patents and 76.77% of the citations), which leads one to think that the concentration of science-technology flows is even more polarised territorially than the technology itself.
- Technological characteristics of technological knowledge and science-technology flows. Agrifood patents have been collected by technological sector, so we have patents assigned to sector 14 (agriculture, food chemistry), sector 25 (agriculture and food processing machinery and apparatus) and sectors 14 and 25 jointly. According to this, most of the patents are concentrated in sector 25 (48.56%), while only 28.6% are included in sector 14. 22.84% are jointly in sectors 14 and 25. The number of private firms in these three agrifood sectors is more concentrated, favouring sector 25. Concentration of patents in machinery sector instead of chemical sector is contrary to scientific citations one. Science-technology flows are higher in sector 14, that accounts for 55.99% of NPC citations, while patents included in sector 25 and sectors 14 and 25 account for 7.58% and 36.43% respectively.
	TABLE 3. PATENTS, NPC AND PC CITATIONS BY REGION AND TECH. SECTOR

	
	SECTOR 14 Y 25

	
	
	Patentes
	Empresas
	Nº Citas NPC
	Nº de citas PC
	Empresas colab univ

	1
	Andalucía
	17
	12
	32
	47
	0

	2
	Aragón
	0
	0
	0
	0
	0

	3
	Asturias
	0
	0
	0
	0
	0

	4
	Baleares
	3
	2
	20
	0
	1

	5
	Canarias
	1
	1
	0
	0
	0

	6
	Cantabria
	0
	0
	0
	0
	0

	7
	Castilla-León
	6
	5
	43
	33
	0

	8
	Castilla-La Mancha
	1
	1
	0
	0
	0

	9
	Cataluña
	52
	21
	46
	80
	2

	10
	C. Valenciana
	22
	8
	0
	0
	0

	11
	Extremadura
	0
	0
	0
	0
	0

	12
	Galicia
	6
	3
	0
	15
	0

	13
	Madrid
	7
	4
	0
	1
	0

	14
	Murcia
	2
	1
	0
	0
	0

	15
	Navarra
	12
	5
	8
	60
	0

	16
	País Vasco
	3
	3
	0
	0
	0

	17
	La Rioja
	3
	1
	0
	1
	0

	
	TOTAL
	135
	67
	149
	237
	3

	
	
	
	
	
	
	

	
	SECTOR 25

	
	
	Patentes
	Empresas
	Nº Citas NPC
	Nº de citas PC
	Empresas colab univ

	1
	Andalucía
	37
	23
	0
	42
	0

	2
	Aragón
	17
	12
	0
	18
	0

	3
	Asturias
	1
	1
	0
	0
	0

	4
	Baleares
	1
	1
	0
	0
	0

	5
	Canarias
	1
	1
	0
	4
	0

	6
	Cantabria
	1
	1
	0
	0
	0

	7
	Castilla-León
	4
	4
	0
	1
	0

	8
	Castilla-La Mancha
	2
	2
	0
	0
	0

	9
	Cataluña
	104
	69
	21
	112
	0

	10
	C. Valenciana
	43
	32
	2
	25
	1

	11
	Extremadura
	2
	1
	0
	0
	0

	12
	Galicia
	8
	6
	0
	2
	0

	13
	Madrid
	24
	16
	0
	29
	0

	14
	Murcia
	12
	11
	0
	4
	0

	15
	Navarra
	15
	11
	8
	18
	0

	16
	País Vasco
	14
	10
	0
	6
	0

	17
	La Rioja
	1
	1
	0
	0
	0

	
	TOTAL
	287
	202
	31
	261
	1

	
	
	
	
	
	
	

	
	SECTOR 14

	
	
	Patentes
	Empresas
	Nº Citas NPC
	Nº de citas PC
	Empresas colab univ

	1
	Andalucía
	18
	11
	47
	32
	1

	2
	Aragón
	6
	5
	0
	1
	0

	3
	Asturias
	1
	1
	0
	0
	0

	4
	Baleares
	3
	3
	11
	0
	1

	5
	Canarias
	3
	2
	0
	0
	0

	6
	Cantabria
	4
	4
	0
	7
	0

	7
	Castilla-León
	9
	8
	17
	25
	2

	8
	Castilla-La Mancha
	7
	5
	0
	0
	0

	9
	Cataluña
	50
	30
	108
	73
	1

	10
	C. Valenciana
	17
	15
	8
	53
	0

	11
	Extremadura
	1
	1
	0
	0
	0

	12
	Galicia
	2
	2
	0
	0
	0

	13
	Madrid
	28
	20
	23
	35
	2

	14
	Murcia
	9
	7
	14
	18
	1

	15
	Navarra
	6
	5
	0
	5
	0

	16
	País Vasco
	2
	2
	1
	0
	0

	17
	La Rioja
	3
	2
	0
	4
	0

	
	TOTAL
	169
	123
	229
	253
	8

	SOURCE: Own elaboration


- Regional behaviour in the business concentration of the science-technology flows. The ratio of distribution of the number of citations in relation to the distribution of the number of companies gives us a general picture of the degree of regional concentration of science-technology flows in the companies located in each region. Balearic Islands, Castilla-León, Andalusia and Catalonia present indicators higher than unity, this denoting a greater concentration of flows in relation to the number of companies that seek patents. It is interesting to see that Balearic Islands presents a figure almost five times the national average: this region has only 1.53% of the companies that patent, but accounts for 7.58% of the NPC citations.

- Scientific base and technological base of the inventions patented. Finally, the ratio of the "proportion of PC citations (patent citations) of each region to the proportion of NPC citations" has been obtained. Valencia, the Basque Country, Navarra and Madrid have values above the national average; this means that, in relative terms (in relation to the Spanish average), these regions are more intensive in technological than in scientific knowledge; while in other autonomous regions such as Catalonia and Andalusia a relatively more use is made of scientific knowledge.

- Territorial concentration of collaboration with universities. Science technology flows are highly related with the presence of collaboration with research institutions. Even though only twelve private firms collaborate with universities in the production of agrifood technological knowledge, these firms are located in those regions that have most of the scientific citations (Catalonia, Balearic Islands, Castilla-León and Madrid). 

In table 4 we give the basic data of the explanatory variables that will be incorporated in the models.

	TABLE 4. DESCRIPTIVE STATISTICS

	Variable
	Mean
	Std. Dev.
	Min
	Max

	npc
	1.043367
	4.996229
	0
	68

	G1
	0.3137755
	0.4646193
	0
	1

	G2
	0.1709184
	0.3769187
	0
	1

	F
	0.3877551
	0.4878609
	0
	1

	S1
	0.0408163
	0.1981173
	0
	1

	S2
	0.255102
	0.4364756
	0
	1

	D
	1.635204
	0.7412476
	1
	5

	C
	0.0306122
	0.1724849
	0
	1

	L1
	0.255102
	0.1851128
	0.1692047
	1.692047

	L2
	0.255102
	0.4925275
	0.0987167
	7.206318

	Tk
	0.3086735
	0.4625364
	0
	1

	Lass
	7.709039
	2.272695
	-1.002393
	15.66872

	SOURCE: Own elaboration.


5. RESULTS
The nature of our dependent variable gives us the opportunity to estimate count models. According with this kind of models and section 3, we have estimated Poisson Models and Negative Binomial Models. The data favour in all cases negative binomial models, and this is the reason we show in Table 6 only NB models and overdispersion test. 

In table 6 we have estimated two different models. First model considers only needs and capacity for the absorption and adoption of scientific knowledge variables and collaboration variable. The second model considers, apart from these variables, the size of the company; the reason to consider this new regressor is related with the necessity to contrast the size effect and the necessity to control the size of the company in order to avoid problems with other variables. Results are the same, so we can refer in the interpretation of our results to both models.
	TABLE 5. CORRELATION COEFFICIENT

	
	NPC
	G1
	G2
	F
	S1
	S2
	D
	C
	L1
	L2
	Tk
	Lass

	NPC
	1
	
	
	
	
	
	
	
	
	
	
	

	G1
	0.1054
	1
	
	
	
	
	
	
	
	
	
	

	G2
	0.1142
	-0.307
	1
	
	
	
	
	
	
	
	
	

	F
	0.1494
	-0.2335
	0.0003
	1
	
	
	
	
	
	
	
	

	S1
	-0.0302
	-0.0839
	0.0091
	-0.0319
	1
	
	
	
	
	
	
	

	S2
	0.0547
	0.3862
	0.2007
	-0.2735
	-0.1207
	1
	
	
	
	
	
	

	D
	0.2149
	-0.3574
	0.5075
	0.7811
	-0.0203
	-0.0911
	1
	
	
	
	
	

	C
	0.3071
	0.1351
	0.0373
	0.1017
	-0.0367
	0.0998
	0.1476
	1
	
	
	
	

	L1
	0.2397
	-0.0827
	0.2108
	0.1861
	-0.0486
	0.0548
	0.2447
	0.0394
	1
	
	
	

	L2
	0.38
	-0.1223
	0.1956
	0.2062
	-0.0449
	-0.0886
	0.313
	0.1218
	0.3574
	1
	
	

	Tk
	0.1934
	-0.0353
	0.0634
	0.1823
	-0.082
	-0.011
	0.1801
	0.1057
	0.2859
	0.2098
	1
	

	Lass
	0.2365
	-0.0143
	0.162
	0.1373
	-0.0551
	0.1345
	0.2121
	0.0905
	0.2522
	0.341
	0.1478
	1

	SOURCE: Own elaboration


	TABLE 6 RESULTS MODEL I AND II

	
	NB Model I
	
	NB Model II
	

	
	Coeff
	Std. Err.
	
	Coeff
	Std. Err.
	

	Constant
	-7.311843
	1.294321
	**
	-10.18802
	1.559566
	**

	G1
	4.432849
	.8293872
	**
	3.643671
	0.7268662
	**

	G2
	2.129157
	.988647
	**
	2.331517
	0.8945184
	**

	F
	-.4694289
	1.174898
	
	-.5320472
	1.065392
	

	S1
	.4875298
	1.268988
	
	0.3046365
	1.245333
	

	S2
	-2.456925
	.714007
	**
	-2.364996
	0.6790848
	**

	D
	1.679221
	.8343253
	**
	1.535126
	0.8015589
	*

	C
	3.834349
	1.157483
	**
	4.557751
	1.105944
	**

	L1
	2.578104
	1.284441
	**
	1.38838
	1.063959
	

	L2
	-.0839191
	.4330955
	
	-0.4315116
	0.3254443
	

	Tk
	2.088678
	.5802484
	**
	2.096142
	0.5117259
	**

	Lass
	
	
	
	0.4254403
	0.1095537
	**

	Alpha
	10.60695
	2.160867
	**
	7.901248
	1.667534
	**

	N. Obs.
	392
	
	
	392
	
	

	Source: Own elaboration.


	TABLE 7 MEASURES OF FIT Model I AND II

	
	NB I
	
	NB II
	

	Log-Lik
	-225.829
	
	-218.19274
	

	LR-Test
	72.594
	**
	87.867
	**

	McFadden´s R2
	0.1385
	
	0.1676
	

	AIC
	1.213
	
	1.18
	

	BIC
	-1817.421
	
	-1826.723
	

	Alpha
	2.36151
	
	7.901248
	

	Overdispersion test
	886.61
	**
	809.20
	**

	Source: Own elaboration.


According with the conclusions of our descriptive analysis, patents included in agrifood chemistry sector (sectors 14, and 14 and 25) have more predisposition to use science than those included in agrifood machinery. Among them, those with only a chemical use (sector 14) have a greater coefficient.
Firms with an agriculture activity (CNAE 0) have no difference with other kind of activities. Only firms related with agrifood industry (CNAE 15) have less propensity to use scientific knowledge.

Considering leadership variables, only agricultural leadership seems to have effects in the use of scientific citations. General technological leadership is no relevant in the use of NPC citations.

Those patents with a technological potential use apart from agrifood (F variable) do not show differences with regard to those with an agrifood technological use. We could say that use of science in agrifood technology is not influenced by other alternative uses of innovations; use of science has its origin in an agrifood utility. This result could seem to contrast with the significance of our D variable (number of technological sectors of the patent); those patents with a diversified technological use have more propensity to use scientific knowledge. In this case, variable D is related with technological diversification but this diversification, with a lot of IPC codes, could be only an agrifood diversification; variable D has been built considering not 30 technological sectors but IPC codes.
Use of scientific knowledge in patent documents is related with the use of technological knowledge in them. This result could be interpreted in the following way: Those firms with the ability to make use of knowledge different than scientific one have the ability to use scientific citations in their innovations.
The main variable in our model, the presence of collaboration in the patent with a public research institution is relevant and has a positive sign. The result means that patents applied together by a firm and a university have more propensity to present scientific citations in the text of the patent.
Finally, the variable related with the firm size (Model II) gives a relevant regressor and does not change the results of other variables in model I. So, with the proviso that the size is measured in 2004 and it could change in the period under study, we can contrast that firm size is a relevant factor in the use and intensity of scientific knowledge in patent documents. 

6. CONCLUSIONS AND DISCUSSION
This was a very first attempt to identify which factors determine the use of science by agrifood Spanish firms. This topic is especially relevant because, by correctly identifying the elements that encourage (or limit) the transfer of knowledge from the scientific community to industry, the appropriate scientific and technological policy measures can be design to strengthen the relationships between the scientific community and the industrial sector. This finally may leads to patents of a better quality and to overcome some of the drawbacks of the European paradox, particularly in a sector in which many of the technological development is supported on scientific knowledge. 
In order to identify the principal factors influencing the application of scientific research by agrifood firms in Spain, a "function of utilisation of scientific knowledge" has been specified and estimated by means of different econometric modelling, in respect of a sample of 392 Spanish agrifood companies (591 patents). Our results show that the propensity to use scientific citations in patents, and its intensity, depends on three variable groups:

1. Firm internal factors, related with needs and capacity for the absorption and adoption of scientific knowledge (sector characteristics of the invention, kind of business of the private firm, technological diversification, technological leadership and ability to use technological knowledge in patents).

2. Collaboration among firms and public research institutions. Even though these relations are a few, it seems we can see a collaboration to access to complex scientific knowledge in order to solve technological problems.

3. Firm size. This variable, in our sample, with a wide range of firms, could be related with the existence of resources and personnel devoted R&D activities.
Although our results are not final ones, we can suggest policy implications. In the last decade regional public authorities, those with competences in science and innovation policies, have tried to get profit from scientific resources located in public research institutions in order to promote regional development helping private firms. Results of our model show, for instance, that they have to stimulate collaboration between firms and public research institutions in order to make a good use of scientific knowledge. On the other hand, there are technological sectors with a higher capacity to use scientific knowledge, so a special attention has to be paid to those sectors.
Finally, future research would be related with the inclusion in our model of firm characteristics obtained from an individual questionnaire and with the inclusion as well of variables related with horizontal spillovers; it means variables devoted to contrast the advantages of a good scientific and educational environment.
7. REFERENCES
Acosta, M., & Coronado, D., (2003). Science-technology flows in Spanish regions: An analysis of scientific citations in patents. Research Policy 32, 1783-1803.

Acosta, M., & Coronado, D., & Marín, R., (2005). Generating technological knowledge in Spanish universities: An exploration of patent data. Innovation: Management, Policy & Practice 7, 357-372.

Albert, M. B., & Avery, D., & Narin, F., & McAllister, P., (1991). Direct validation of citation counts as indicators of industrially important patents. Research Policy 20, 251-259.

Alfranca, O., & Rama, R., & Tunzelmann, N. v. (2003). Estrategias sobre innovación en las empresas multinacionales agroalimentarias. Economía Agraria y Recursos Naturales, vol 3,6, pp. 21-43.

Alfranca, O., & Rama, R., & von Tunzelmann, N., (2004). Combining different brands of in-house knowledge: technological capabilities in food, biotechnology, chemicals and drugs in agri-food multinationals. Science and Public Policy 31, 227-244.

Audretsch, D., & Feldman, M. P., (1996). R&D spillovers and the geography of innovation and production. American Economic Review 86, 630-640.

Audretsch, D. B., & Stephan, P., (1996). Company-scientist locational links: The case of biotechnology. American Economic Review 86, 641-652.

Cameron, A., & Trivedi, P., (1986). Econometrics models based on count data: comparisons and applications of some estimators and tests Journal of Applied Econometrics 1, 29.

Cameron, A., & Trivedi, P., (1998). Regression Analysis of Count Data.  Cambridge University Press, Cambridge 

Cohen, W., & Levinthal, D., (1990). Absorptive capacity: a new perspective on learning and innovation. Administrative Science Quarterly 35, 128-152.

Cohen, W. M., & Levin, R. C. (1989). Empirical studies of innovation and market structure, in: Schmalensee, R., & Willing, R.D., (ed), Handbook of industrial organization II.  Elsevier, Amsterdam.

Collins, P., & Wyatt, S., (1988). Citations in patents to the basic research literature. Research Policy 17, 65-77.

Christensen, J. L., & Rama, R., & Tunzelmann, N. v., (1996). Study on innovation in the European food products and beverages industry. EIMS/SPRINT (The European Commission). Brussels.

Grupp, H., & Schmoch, U. (1992). Perception of scientification as measured by referencing between patents and papers, in: Grupp, H. (ed), Dynamics of Science-Based Innovation  Springer-Verlag, Berlin/Heidelberg/New York, pp. 73-128.

Harhoff, D., & Henkel, J., & Von Hippel, E., (2003). Profiting from voluntary information spillovers: how users benefit by freely revealing their innovations. Research Policy 32, 1753-1769.

Harhoff, D., & Narin, F., & Scherer, F. M., & Vopel, K., (1999). Citation frequency and the value of patented inventions. Review of Economics & Statistics, 81, 511-515.

Huiban, J.P., & Bouhsina, Z. (1998). Innovation and the Quality of Labour Factor: An Empirical Investigation in the French Food Industry. Small Business Economic, 10, pp. 389-400.

Jaffe, A., (1989). Real effects of academic research. American Economic Review 79, 957-970.

Jaffe, A., & Trajtenberg, M., & Henderson, R., (1993). Geographic localisation of knowledge spillovers as evidenced by patent citations. Quarterly Journal of Economics 108, 577-598.

Klevorick, A. K., & Levin, R., & Nelson, R., & Winter, S., (1995). On the sources and significance of inter-industry differences in technological opportunities. Research Policy 24, 342-349.

Lanjouw, J. O., & Schankerman, M., (2004). Patent Quality and Research Productivity: Measuring Innovation with Multiple Indicators. The Economic Journal 114, 441-465.

López, N., & Montes-Peón, J.M., & Vázquez-Ordaz, C. (2003). Innovation in the Spanish -food and beverage industry: an integrated approach. International Journal of Biotechnology, 5 (3/4), pp. 311-333

Mansfield, E., (1991). Academic research and innovation. Research Policy 20, 1-12.

McMillan, G. S., & Narin, F., & Deeds, D. L., (2000). An analysis of the critical role of public science in innovation: the case of biotechnology. Research Policy 29, 1-8.

Meyer-Krahmer, F., & Schmoch, U., (1998). Science-based technologies: university-industry interactions in four fields. Research Policy 27 835-851.

Meyer, M., (2000a). Does science push technology? Patents citing scientific literature. Research Policy 29, 409-434.

Meyer, M., (2000b). Patent citations in a novel field of technology. What can they tell about interactions between emerging communities of science and technology? Scientometrics 48, 151-178.

Meyer, M., (2000c). What is special about patent citations? Differences between scientific and patent citations. Scientometrics 49, 93-123.

Narin, F., & Hamilton, K. s., & Olivastro, D., (1997). The increasing linkage between US technology and public science. Research Policy 26 317-330.

Narin, F., & Olivastro, D., (1998). Linkage between patents and papers: an interim EPO/US comparison. Scientometrics 41, 51-59.

Schmoch, U., (1993). Tracing the knowledge transfer from science to technology as reflected in patent indicators. Scientometrics 26, 193-211.

Thomas, P., (1999). The Effect of TechnologicalImpact upon Patent Renewal Decisions. Technology Analysis & Strategic Management 11, 181-197.

Tijssen, R. J. W., (2001). Global and domestic utilization of industrial relevant science: patent citation analysis of science-technology interactions and knowledge flows. Research Policy 30, 35-54.

Tijssen, R. J. W., (2002). Science dependence of technologies: evidence from inventions and their inventors. Research Policy 31, 509-526.

Tijssen, R. J. W., & Buter, R. K., & van Leeuwen, T. N., (2000). Technological relevance of science: An assessment of citation linkages between patents and research papers. Scientometrics 47, 389-412.

Verbeek, A., & Debackere, K., & Luwel, M., & Andres, P., & Zimmermann, E., & Deleus, F., (2002). Linking science to technology: using bibliographic reference in patents to build linkage schemes. Scientometrics 54, 339-420.

AKNOWLEDGEMENTS

This paper has been granted by the Ministerio de Educación y Ciencia SEJ2005-08972/ECON and Consejería de Innovación, Ciencia y Empresa (Junta de Andalucía) P06-SEJ-02087

� For more details, a review of the NPC procedure is given in Acosta and Coronado (2003; 2005).


�For an extensive empirical analysis of the differences between the citations included in a patent and those incorporated in a scientific article, see Meyer (2000b).


� For example, the limited availability of patents in particular technological fields in consequence of the rapid advance of certain technologies and the consequent time-lag in the publication of the patent documents, the legal context of patents (their obligatory nature, and the responsibility of including discussion of the prior art, utility, novelty, etc. of the invention), the social nature of the process (involvement of various actors - inventor, examiner, attorney, etc.) are integral elements in the development of the patent and exert influence on its final form. In addition, there are differences in national practices (different patent offices have different methods of work; it is well known that, in USPTO patents, the frequency of citations is higher in comparison with EPO patents).


� Although talking about innovation and not about scientific use in technological knowledge López et al. (2003), considering Spanish agrifood industry, conclude that internal factors are the main determinants of innovation.





� The density function, the logarithm of the likelihood function, the first order conditions, and the rest of the statistical formulations and mathematics can be found in Cameron and Trivedi (1998).


� After the inclusion of assets only L2 (technological leadership) changes to non relevant; the reason is related with the collinearity with assets (Table 5).
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