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Abstract  

In line with the innovation procurement literature, this work investigates the impact of 

becoming a supplier of a national network of excellence regrouping French hospitals on the 

supplier’s innovative performance. It investigates whether a higher information flow from 

hospitals to suppliers, proxied by the supply of AI-powered medical equipment, is associated 

with higher innovative performance. Our empirical analysis relies on a dataset combining 

unprecedented granular data on procurement bids and equipment with patent data to measure 

the firm’s innovative performance. To identify the firm’s innovative activities relevant to the 

bid, we use an advanced neural network algorithm for text analysis linking firms’ equipment 

descriptions with relevant patent documents. Our results show that firms becoming hospital 

suppliers have a significantly higher propensity to innovate. About the mechanism, we show 

that supplying AI-powered equipment further boosts the suppliers’ innovative performance, 

and this raises potential important policy implications.  
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1. Introduction 

The effect of procurement on innovation has been a topic of interest for decades (Chicot and 

Matt 2018; Rolfstam, Phillips, and Bakker 2011, Askfors and Fornstedt 2018; Uyarra et al. 

2014; Uyarra and Flanagan 2010a; Rolfstam, Phillips, and Bakker 2011). The procurement 

literature generally converges in identifying a positive effect of procurement on supplier firms’ 

innovation (Belenzon and Cioaca 2021; Miller and Lehoux 2020; Guerzoni and Raiteri 2015; 

Lichtenberg 1988). In the case of equipment procurement, the positive relationship is explained 

by the flow of valuable technological information from organizations asking for procurement 

to firms supplying equipment (Patsali 2021; Autio, Hameri, and Vuola 2004; Rosenberg 1992). 

Indeed, the information flow is expected to provide firms with novel technological ideas to 

improve existing equipment or develop new equipment (Fontana and Guerzoni 2008; Myers 

and Marquis 1969). Among the procured equipment, the one embedding Artificial Intelligence 

(AI) is expected to be particularly effective in facilitating the information flow to firms and, 

therefore, fostering firms’ innovation performance (Esteva et al. 2019). Indeed, the general 

purpose of AI technologies in medicine is to analyze large amounts of data with computer 

algorithms to uncover relevant information to support clinical decision-making (Hamamoto et 

al. 2020; Topol 2019; He et al. 2019; Yu, Beam, and Kohane 2018). The abundance of data 

that hospitals provide to firms to train their algorithms provide firms with useful information, 

favoring innovation. Another characteristic of AI technologies is that they can be applied in 

any healthcare domain, including diagnostics and therapeutics (Esteva et al. 2021). This wide 

range of applications of AI technologies allows us to distinguish between equipment 

characterized by high and low information flow in different healthcare domains.  

The effect of procurement has been studied in several contexts, such as the military sector 

(Mowery 2012), research institutes (Autio, Hameri, and Vuola 2004; Castelnovo et al. 2018), 

universities (Bianchini, Llerena, and Patsali 2019; Patsali 2021), public agency investments 

(Bonvillian 2018; Fuchs 2010; Mazzucato 2011), and healthcare sector (García-Altés et al. 

2023; Miller and Lehoux 2020; Askfors and Fornstedt 2018; Meehan, Menzies, and 

Michaelides 2017). Studying the effect of procurement of the healthcare sector is crucial for 

policymakers due to its relevance in the national economies and due to the large amount of 

taxpayer money invested (Askfors and Fornstedt 2018; Boon and Edler 2018; Dalpé 1994; 

Georghiou et al. 2014).  

 

This paper studies and quantifies the impact of procurement on firms’ innovation in the context 

of the healthcare sector. Using unique data, we investigate whether hospitals’ procurement 
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affects the innovation performance of firms supplying medical equipment. Moreover, we 

explore if the supply of equipment embedding Artificial Intelligence (AI) moderates the 

procurement effect.  

 

Although the procurement literature has advanced our knowledge of the relationship between 

procurement and innovation, we identify two significant gaps. The first gap is the lack of 

econometric studies using micro-level data to assess the relationship between healthcare 

procurement and innovation. The extant empirical evidence about healthcare procurement's 

effect on innovation is mostly qualitative. Literature in healthcare includes detailed case studies 

on specific hospitals and technologies, but these case studies can hardly be generalized to other 

hospitals and technologies. Other studies take a macro perspective at the national level, missing 

the opportunity to investigate the mechanisms linking procurement to innovation, which is 

possible only using procurement micro-level data (Uyarra et al. 2020). Finally, a few 

quantitative studies (Aschhoff and Sofka 2009; Guerzoni and Raiteri 2015) use firm-level data 

(i.e., CIS survey data) but lack fine-grained administrative data describing the hospitals’ 

procurement bids and the equipment supplied. The second literature gap is the lack of empirical 

studies aiming to understand the “underlying mechanism” through which procurement affects 

firms’ innovation (Uyarra et al. 2017). The information flow between organizations asking for 

procurement and supplying firms is often considered a potential mechanism, although it has 

rarely been tested empirically (Bianchini, Llerena, and Patsali 2019; Autio, Hameri, and Vuola 

2004). 

We fill these two literature gaps using an unprecedented dataset of hospital procurement bids 

to address two research questions: How does hospital procurement affect firms’ innovation? 

Does the intensity of information flow from hospitals to suppliers, as proxied by the supply of 

AI-powered equipment, moderate the procurement effect? 

We conduct our analysis in the empirical context of healthcare procurement by the French 

Unicancer network of oncological hospitals. The data provided by Unicancer include detailed 

information on the equipment, the complete list of firms competing for the procurement 

(whether or not they obtain the procurement), a description of the selection criteria applied by 

Unicancer’s evaluation committees, and the evaluation scores assigned to each piece of 

equipment. We analyzed 68 procurement bids for hospital equipment from 2011 to 2017. We 

rely on patent application documents at the European Patent Office to assess the innovation 

performance of firms supplying equipment. We link equipment procured to firms’ relevant 

patents using an advanced neural network algorithm for text analysis. 
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We find that becoming a hospital supplier increases the number of patent applications by one 

patent per year in the three years after winning the bid. Conditional on becoming a hospital 

supplier, we find that supplying equipment embedding AI technologies further increases the 

suppliers’ innovative performance. This latter finding supports the hypothesis that the flow of 

information from hospitals to suppliers fosters supplier firms’ innovation. Moreover, analyzing 

two additional cases in which we expect a high flow of information from hospitals to suppliers, 

we confirm that information flow is associated with firms’ innovative performance. 

Specifically, we observe that large-size bids and bids in which equipment technology is highly 

valued further enhance supplier firms’ innovation.  

Our paper provides three main contributions to the literature. First, different from previous 

quantitative studies on public procurement, we benefitted from detailed information on the 

hospitals’ procurement procedure and the supplied equipment. For instance, one of the main 

advantages of our data is that we obtained the complete list of firms competing in procurement 

bids. Therefore, unique to our study, we can compare firms that obtained the procurement with 

firms that competed for the procurement but did not succeed. Second, we shed light on the 

mechanism linking procurement to innovation. Specifically, we test that information flow is 

the mechanism linking procurement to innovation using a reliable proxy for information flow 

from hospitals to suppliers, i.e., the supply of AI-powered equipment. In doing so, we provide 

empirical evidence on how AI affects innovation in healthcare and complement the extant 

studies investigating other uses of AI (e.g., the possible applications of AI in oncology). Third, 

we consider AI not only a subject of study but also a methodological tool that allows us to 

match procurement with innovation data. In this way, we contribute to the emerging discussion 

in the innovation community about the identification of AI technologies (Iori, Martinelli, and 

Mina 2021; WIPO 2019).  

Our results inform policymakers that hospital public procurement represents an effective way 

to foster firms’ innovation, especially when AI technologies are involved.  

The rest of the paper proceeds as follows. Section 2 presents the background literature in 

procurement and healthcare innovation studies. Section 3 describes the empirical context in 

which we conducted our study. Section 4 discusses the three types of datasets we draw upon 

and the variables we calculated. Section 5 describes the methodology applied to identify the 

procurement effect on innovation. Section 6 presents the main results and a set of further 

analyses. Finally, Section 7 concludes discussing possible policy implications of our findings. 
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2. Related literature  

Procurement in the healthcare sector 

Several works studying procurement illustrated the positive impact of procurement on firms’ 

innovation (Dalpé 1994; Geroski 1990; Lichtenberg 1988; Langrish et al. 1972; Myers and 

Marquis 1969; Sherwin and Isenson 1967). The evidence of a positive effect of procurement 

on innovation has led scholars and policymakers to consider procurement as a relevant demand-

pool policy tool that can be used to foster firms’ innovation (Slavtchev and Wiederhold 2016; 

Rolfstam 2012; Uyarra and Flanagan 2010a; Edler and Georghiou 2007; Georghiou 2006; 

Edquist, Hommen, and Tsipouri 2000). The relevance of procurement as a tool for industrial 

policies has oriented the scientific debate on comparing the effectiveness of procurement 

versus other supply-side policy tools to promote firms’ innovation (Guerzoni and Raiteri 2015; 

Aschhoff and Sofka 2009).  

However, only a handful of studies performed empirical analyses focused on procurement 

contracts. Among the first contributions in the domain, Lichtenberg (1988) found that the effect 

of competitive public procurement on firms’ propensity to engage in R&D is significantly 

higher than that of non-competitive private procurement contracts. Geroski (1990) found that 

public procurement provides more incentives for industrial innovation than R&D subsidies. 

Specifically, Geroski's results suggest that public procurement fosters innovation by creating 

demand for new products or processes and ensuring a minimal market size in the initial phase 

of the innovation process. Slavtchev and Wiederhold (2016) show that the technological 

intensity of government procurement increases the aggregate level of private R&D 

investments. Specifically, they find that one dollar increase in high-tech public demand is 

associated with 0.21 dollar additional R&D private expenditures. Using data on federal 

procurement contracts and US publicly traded firms, Belenzon and Cioaca (2021) find that 

firms' publication activity is positively affected by obtaining non-competitive procurement 

contracts, while their patenting activity is not affected.  

The procurement effect has been evaluated in different domains such as the military sector 

(Mowery 2010), big science infrastructure (Florio 2021; Castelnovo et al. 2018; Florio et al. 

2018), space agencies (Robinson and Mazzucato 2019; Petrou 2007) and universities 

(Bianchini, Llerena, and Patsali 2019). Despite the importance of the health sector, there is a 

lack of empirical studies assessing the effect of healthcare procurement. Extant studies on the 

health sector have adopted a qualitative approach focusing on particular cases. For instance, 

through documents and interviews, Sorenson and Kanavos (2011) studied equipment 

procurement in the health sector across five countries. Kastanioti et al. (2013) provided an 
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overview of the effect of austerity in Greece on procuring medical equipment and 

pharmaceuticals. Mudyarabikwa and Regmi (2016) conducted a qualitative analysis of how 

public-private partnerships increase efficiency in the public procurement of primary healthcare 

facilities in the UK. Meehan et al., 2017 investigated the antecedents of adopting a price-based 

or value-based procurement approach in the UK. Miller and Lehoux (2020) conducted a case 

study across four provinces in Canada exploring the role of procurement offices as 

intermediaries in healthcare innovation.  

AI equipment in the health sector  

Previous literature has documented the positive effect of procurement on firms’ innovation. 

This effect has been attributed to technological learning due to the flow of information from 

procurement agencies to suppliers (Autio et al. 2004). Although the previous literature has 

embraced this explanation, there is a lack of studies testing it empirically. Among the procured 

equipment, equipment embedding AI is expected to be particularly effective in facilitating the 

information flow. AI medical equipment significantly differs from “ordinary” medical 

equipment as AI imitates human cognition and learning. Developing AI equipment requires 

training AI algorithms on a large amount of data (Food and Drug Administration 2019). 

Unicancer hospitals provide their suppliers with this data. We expect that becoming a supplier 

to Unicancer hospitals with equipment embedding AI is associated with a significant data and 

information flow between hospitals and firms, leading firms to become more innovative. In 

other words, firms that supply AI-powered equipment are expected to benefit more from 

hospital procurement than suppliers of non-AI equipment.  

 

3. Empirical context 

We study the relationship between procurement and firms’ innovation performance in the 

French context. Our empirical context concerns the Unicancer network of hospitals, including 

all the French Comprehensive Cancer Centres (FCCCs). Unicancer hospitals are private non-

profit health establishments exclusively devoted to treatment, research, and teaching in 

oncology. Unicancer hospitals are present throughout France. They are crucial actors in 

contributing to French healthcare excellence in cancer treatment. Indeed, the French national 

healthcare system has adopted many of Unicancer’s innovative approaches to treat cancer. 

Most French oncology hospitals (15 out of 24) are associated with the Unicancer network.  

One aspect crucial for Unicancer hospitals is to use up-to-date equipment at the technological 

frontier. Hospitals purchase equipment through procurement bids participated by firms. For 

2010-2020 the procurement contracts reflect a value of 323,692,991 euros. In 2020, Unicancer 

https://www.sciencedirect.com/science/article/pii/S0048733320301530#bib0033
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signed the first contract for radiotherapy and proton therapy equipment at the European level, 

and bought over 45 particle accelerators. Since 2010, ten years after the launch of the Unicancer 

purchasing group, the amount of pooled purchases has almost tripled. The procurement bids at 

Unicancer are organized every 3 to 4 years for each field of activity: radiotherapy (linear 

accelerators), medical imaging (Magnetic resonance imaging Scans, Computed tomography 

Scans), nuclear medicine (Positron Emission Tomography Scans), interventional radiology, 

molecular biology, and radiation safety training programs. Purchases related to radiotherapy 

represent the most significant share of procurement, accounting for 56% of the total value, 

followed by medical imaging equipment (22%) and nuclear medicine (19%). 

At the national level, cancer research and treatment have become a priority for France. In 2021, 

President Macron launched a ten-year national strategy for fighting cancer. The development 

of medical innovation, such as AI-Powered equipment, is one of the central actions of this 

strategy. Regarding public funding, the plan amounts to 1.7 billion euros until 2026. A 

significant part of this public investment is dedicated to hospital procurement and new cancer 

treatment technologies. The conduct of public procurement is also one of the axes within the 

report Villani that significantly influenced the French national strategy around AI. 

 

4. Data and variables 

4.1 Data sources 

To study the impact of equipment procurement on firm innovation, we build an original dataset 

by merging three data sources: procurement, patent, and equipment data. 

Procurement data 

We use procurement administrative data provided by the Unicancer network of hospitals for 

2010 - 2020. Our analysis focuses on radiotherapy, medical imaging, and radiology, covering 

97% of the economic value of the Unicancer procurement. We obtained data on 68 Unicancers’ 

procurement bids participated by 14 firms offering 57 pieces of equipment. Compared to 

existing studies on procurement and innovation, Unicancer provided us with unique 

information on the complete list of selected and non-selected firms competing in procurement 

bids. Each procurement bid is structured in batches according to the various types of 

technologies included in each call. For instance, a bid in medical imaging is organized in 

separate batches, in which firms compete to become suppliers of different scanner models. 

Unicancer’s evaluators apply a set of selection criteria specific to each batch, and each criterion 

is weighted differently in the final evaluation of equipment the firms offer. The list of criteria 

includes technical characteristics of the device, financial plan of the purchase, business 
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analysis, price, clinical quality, training programs associated with the equipment, maintenance, 

and physical testing. In our sample, Unicancer’s evaluators use, on average, 3.56 selection 

criteria for each batch, with a minimum of 1 and a maximum of 5 criteria. Each firm receives 

a score on a scale from 1 to 5 for each selection criteria and a final score that is the sum of the 

partial scores. A firm can be a candidate for supplying equipment in different batches of the 

same procurement bid, and more than one firm can be selected based on the final ranking. 

Finally, there is no deterministic threshold score above which candidates are automatically 

selected, Unicancer’s evaluators in each batch decide the selected equipment for procurement 

according to the equipment ranking and hospitals’ needs. On average, 66.17% of the equipment 

the firms offer is selected.   

Patent data  

To measure suppliers’ innovation performance, we retrieve firms’ patent applications from the 

European Patent Office’s Statistical Database (PATSTAT1). We manually attribute the 

corresponding patent applications to each firm by searching the firm’s name among the 

applicants in the patent documents. We retrieved 62,264 patent applications for the 14 firms in 

our sample over the period 1978 - 2020. Unicancer suppliers are both small specialized firms 

and large multiproduct firms. Among the large firms in our study sample, we find some of the 

top 30 patent applicants worldwide (WIPO 2019). Large firms are active in multiple sectors 

developing technologies other than medical equipment. Therefore, we classify patents in 

technology fields according to the International Patent Classification (IPC) hierarchical codes 

to isolate technologies relevant to our analysis.  

Equipment data 

We retrieve the description for each supplied piece of equipment from the Global Medical 

Device Nomenclature (GMDN). The GMDN is an internationally agreed standard way of 

naming and describing medical equipment created by the Food and Drug Administration. Over 

60 national Medical Device Regulators use the GMDN standard. GMDN offers a detailed and 

homogenous description of each piece of equipment. Differently from patient brochures, 

leaflets, user manuals, and videotapes, GMDN's description is neither patient-oriented (and 

therefore not indicating enough information about the technology) nor practitioners oriented 

(highly detailed such as in users’ manuals). These characteristics of the GMDN’s equipment 

 
1 Academic researchers and policymakers consider PATSTAT as the reference database for 

patent analysis as the calculation of patent indicators and the production of technical 

indicators. 
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description are ideal for our study, providing a standardized and homogeneous technical 

description of the equipment close to the language used in patent applications.  

 

4.2 Retrieving firms’ technological fields relevant to the procurement bids 

Several firms in our sample are large firms developing technologies in various technological 

domains, such as consumer electronics, telecommunications, and software. Therefore, 

measuring the impact of procurement of medical equipment considering all the firms’ patent 

applications across different technological domains would bias our analysis. To identify 

technological domains relevant to the procurement bids, we proceed in three steps. First, we 

assess the similarity of the GMDN equipment description with the abstracts of the patents 

attributed to the supplier firm. To do so, we use the Word2vec neural network algorithm for 

text analysis that transforms documents into vectors according to the semantic meaning of the 

words appearing in their texts (Mikolov et al. 2013). The logic behind Word2vec algorithm is 

that words sharing common contexts end up close to one another in a vectorial space 

representing the semantic meaning of the words. We trained Word2vec on a large corpus of 

1,000,000 patent abstracts in English. To obtain the vectorial representation of each document, 

i.e., the GMDN equipment descriptions and the suppliers’ patent applications, we calculate the 

centroid of the vectorial representation of all the words included in each document. Then, to 

calculate a similarity index between the GMDN equipment descriptions and the suppliers’ 

patent documents, we calculate the cosine similarity for each GMDN description-patent 

document pair. By doing so, we obtain a cosine similarity value for each GMDN description-

patent application pair. Second, among all the pairs, we selected those with high values of 

cosine similarity in order to identify the supplier’s patent documents similar to the piece of 

supplied equipment. We define a high cosine similarity value as a value higher than 0.852. 

Third, once we identified patents highly similar to the equipment description, we retrieved the 

IPC codes at the group level3 of those patents. We consider these IPC codes as the ones in 

which the outcome of the procurement bid potentially influences firms’ innovation 

performance. We selected 279 distinct IPC codes identifying technological domains relevant 

to the equipment in our study sample. Table 1 shows the three most frequent IPC codes.  

 

Table 1: Three most frequent relevant IPC codes. 

 
2 The threshold 0.85 has been selected by manually valuating the similarity between documents. 
3 See https://www.wipo.int/edocs/pubdocs/en/wipo_guide_ipc_2019.pdf for a detailed description of the IPC code 

hierarchical structure. 

https://www.wipo.int/edocs/pubdocs/en/wipo_guide_ipc_2019.pdf
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IPC code IPC description N. of products to which the IPC is 

associated* 

A61B6 Apparatus for radiation diagnosis, e.g. combined with 

radiation therapy equipment 
53 

A61N5 Magnetotherapy 51 

A61B5 Measuring for diagnostic purposes 45 

NOTE: *Overall, we have 57 products offered by the firms in the procurement bids in our database. 

 

4.3 Study sample 

Our empirical analysis aims to assess how becoming a hospital supplier affects the yearly 

innovative performance of firms in relevant IPC classes for the equipment supplied. Therefore, 

we aim to measure the patenting activity for each firm that offered a piece of equipment in a 

relevant IPC class for 2,755 Firm-Equipment-IPC triplets. We observe each Firm-Equipment-

IPC triplet for six years, three before and three after applying to become a supplier. Specifically, 

the period considered in our analysis ranges from t-3 to t+2, where t is the procurement 

application year. Overall, our data includes 16,530 Firm-Equipment-IPC-Year observations 

(2,755*6).  

 

4.4 Variables  

To measure the firms’ innovation performance, we define the variable Number of Patents as 

the firm’s number of patents in the relevant IPC classes in year t. The average number of patents 

per year equals 5.09 (Number of Patents). We also calculate another proxy for the firms’ 

innovation performance defining the variable At least one patent as a binary variable that equals 

1 if the firm has at least one patent application in the relevant IPC class in year t, 0 otherwise. 

Firms file at least one patent in 62% of the Firm-Equipment-IPC observations in our sample.  

Concerning the explanatory variables, we define Supplier as a binary variable that equals 1 if 

the firm is selected to supply equipment to Unicancer, 0 otherwise. The variable Supplier equals 

1 for 46% of the Firm-Equipment-IPC pairs in our sample. Conditional on becoming a supplier, 

we define AI-Powered as a binary variable that equals 1 if the firm supplies AI-powered 

equipment, 0 otherwise. The variable AI-Powered equals 1 in 30.85% of the Firm-Equipment-

IPC pairs in our sample. Table 2 reports the descriptive statistics of the variables. 

 

  



11 
 

Table 2: Dependent and independent variables. 
 Observations Average Standard deviation 

Number of Patents 16,530 5.09 16.14 

At least one patent 16,530 0.62 0.49 

Supplier 16,530 0.46 0.50 

AI-Powered 7,644* 0.31 0.46 

NOTE: We calculate the variable AI-Powered only for the subset of observations in which the firm becomes a 

supplier. 

 

5. Methodology  

We perform our analysis in two steps. First, we use a difference-in-differences approach to 

estimate the effect of becoming a Unicancer supplier on firms’ innovation. Second, conditional 

on becoming a supplier, we analyze if suppliers of AI-powered equipment are more innovative 

compared to the suppliers of non-AI-powered equipment.  

 

Effect of becoming a supplier 

Equation 1 represents the model used to estimate the effect of becoming a Unicancer supplier. 

We used, in turn, the variables Number of Patents and At least one patent as dependent variables 

measuring the firm’s innovative performance in year t. As independent variables, we include 

in our model the variable Supplier identifying firms becoming a Unicancer supplier and a 

dummy variable After-market that equals one after the procurement date, i.e., in the years from 

t to t+2. Finally, to account for unobserved Firm-Equipment unobserved time-invariant 

characteristics, we include Firm-Equipment fixed effects (𝛾). Our goal is to provide a reliable 

estimate of the coefficient 𝛽1 measuring the effect of becoming a supplier on firms’ propensity 

to patent after competing in the procurement bid. Finally, we estimate the coefficients with 

Ordinary Least Squares (OLS).  

 

𝐹𝑖𝑟𝑚′𝑠 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒𝑡 = 

 𝛽0 + 𝛽1Supplier*After-market𝑡+𝛽2After-market𝑡 + 𝛾 

 
Equation 1 

 

Effect of supplying AI-powered equipment 

Once we have established the effect of becoming a Unicancer supplier on firms' innovation, 

we aim to estimate whether there is a significant difference between AI-powered equipment 

suppliers and non-AI-powered equipment suppliers. We select the subsample of 7,644 

observations, including only firms that become suppliers in our sample, and we identify AI 

suppliers as defined by the AI-Powered variable. Using a difference-in-differences approach, 
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we estimate the effect of becoming a supplier of AI-powered equipment as represented by 𝛼1 

in Equation 2. We estimate the coefficients with Ordinary Least Squares (OLS). 

 

 

𝐹𝑖𝑟𝑚′𝑠 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒𝑡 = 

 𝛼0 + 𝛼1AI-Powered*After-market𝑡+𝛼2After-market𝑡 + 𝛾 

 
Equation 2 

 

 

6. Results 

Our results show that firms selected as Unicancer suppliers have a significantly higher 

propensity to innovate than non-selected firms. Table 3, Column 1, shows that Unicancer 

suppliers file one patent application more per year in the three years after the procured contract 

is signed than firms that participated in the bid but were not selected. Coherently with Column 

1, the regression exercise reported in Column 2 that explains the probability of observing At 

least one patent application in year t shows that suppliers' probability of applying for a patent 

is 8.4 percentage points higher than firms that participated in the bid but were not selected. 

 

Table 3: Regression estimating the relationship between procurement and firms’ innovative 

performance. 
  (1) (2) 

 OLS LPM 

 Number of Patents At least one patent 

Supplier*After-market 1.01*** 0.084*** 

 (0.22) (0.011) 

After-market -1.07*** -0.12*** 

 (0.15) (0.0072) 

Constant 5.39*** 0.52*** 

 (0.078) (0.0037)    
Observations 16,530 16,530 

R-squared 0.836 0.613 

Firm-Equipment-IPC fixed effects Yes Yes 

Number of Firm-Equipment-IPC triplets 2,755 2,755 

 

Figure 1 shows the marginal effects of becoming a supplier calculated separately for each of 

the six years from t-3 to t+2. To calculate Figure 1, we estimated an econometric model in 

which we interact the variable Supplier with each of the six dummy variables identifying the 

six time periods from t-3 to t+2. The year before the procurement competition, i.e., t-1, is 

considered as the reference year. Coherently with our expectations, we observe no impact of 

becoming a supplier before year t, the year of the procurement bid, while we observe a positive 

impact after winning the bid increases over time, in t+1 and t+2. 
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Figure 1: Marginal effect of becoming a supplier estimated for each time period, from t-3 to 

t+2. 

 
NOTE: Bars represent 95% confidence intervals. The reference year that does not appear in the graph is t-1, the 

year preceding the procurement bid. 
 

Once we have documented the effect of becoming a supplier on the firms’ innovation 

performance, we test whether the flow of information from hospitals to suppliers is a possible 

mechanism explaining our results. If it is the case, we expect to observe a stronger effect of 

becoming a supplier on innovation when the information flow between hospitals and suppliers 

is higher, i.e., when firms supply AI-powered equipment to hospitals. We distinguish AI and 

non-AI-powered equipment according to the variable AI-Powered. We estimate the effect of 

supplying AI-powered equipment conditional on being a Unicancer supplier, using a 

subsample of 7,644 observations. Table 4, Columns 1 and 2, show that suppliers of AI-Powered 

equipment do not show a higher number of patent applications per year (although the estimated 

coefficient suggests a positive relationship between becoming a supplier and the firms’ 

innovation performance) and a higher probability of filing a patent application (+3.9 percentage 

points) than suppliers of non-AI powered equipment.  
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Table 4: Regression estimating the relationship between supplying AI-powered equipment and 

the firms’ innovative performance. 
  (1) (2) 

 OLS LPM 

 Number of Patents At least one patent 

AI-Powered*After-market 0.20 0.039** 
 (0.27) (0.016) 

After-market -0.12 -0.043*** 
 (0.15) (0.0089) 

Constant 3.54*** 0.40*** 
 (0.087) (0.0053) 

Observations 7,644 7,644 

R-squared 0.868 0.686 

Firm-Equipment-IPC fixed effects Yes Yes 

Number of Firm-Equipment-IPC triplets 1,274 1,274 

 

7. Further analyses  

In this section, we conduct three additional analyses. First, we estimate the model presented in 

Equation 1 using the firms’ number of medical publications as an alternative dependent 

variable. Second, we consider an alternative estimation strategy of the procurement effect using 

a regression discontinuity design approach. Third, we further test our hypothesis that the flow 

of information between hospitals and suppliers is the mechanism at the base of the observed 

procurement effect. To do so, we consider two cases (in addition to the supply of AI-Powered 

equipment) in which we expect a high information flow from hospitals to suppliers and, 

consequently, a stronger procurement effect.  

 

7.1 Using firms’ scientific publications as dependent variable 

In Table 3 we measure firms’ innovative performance as the Number of patents the probability 

of observing At least one patent in year t. However, firms either publish or patent the 

technological knowledge they produce (Dasgupta and David 1994). Therefore, publishing is 

another possible outcome of the firm innovative effort. To include the publications in our 

analysis, we estimate Equation 1 using as dependent variable the number of publications 

written by authors affiliated with the firm offering the equipment. Specifically, we calculate 

the variable firms’ Number of publications by counting all the publications reporting the names 

of the firms in our sample as affiliations of at least one of the authors. We use the SCOPUS 

bibliometric dataset as the source of publication data, and we consider only publications that 

are classified in the field of medicine according to the SCOPUS classification and have at least 

one French author. We also define the dummy variable At least one publication as equal to one 

if, in year t, we find at least one firm’s publication. The estimates of the econometric model are 

reported in Table 5. The sample on which the model is estimated includes 408 observations 
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(instead of 16,530 as in Table 3) because the level of observation in Table 5 is Firm-Equipment-

year (instead of Firm-Equipment-IPC-year as in Table 4). The average Number of publications 

per year in our study sample is 3.29, and the unconditional probability of observing At least 

one publication equals 36%. Table 5 shows that firms becoming Unicancer suppliers have 1.50 

more publications per year than non-selected firms. These outcomes are coherent with Table 4, 

where we use patent data to calculate proxies for firms’ innovative performance. Our results 

on publications also add evidence to recent procurement studies that find that procurement is 

associated with significantly higher scientific publications and hiring additional scientists 

(Belenzon and Cioaca 2021).  

 

Table 5: Regression estimating the relationship between procurement and firms’ innovative 

performance. Firms’ innovation is proxied by the number of scientific articles. 
  (1) (2) 

 OLS LPM 

 Number of publications At least one publication 

Supplier*After-market 1.50*** 0.25*** 

 (0.55) (0.073) 

After-market -1.67*** -0.19*** 

 (0.45) (0.060) 

Constant 3.63*** 0.37*** 

 (0.18) (0.024)    
Observations 408 408 

R-squared 0.877 0.560 

Firm-Equipment fixed effects Yes Yes 

Number of Firm-Equipment pairs 68 68 

 

 

7.2 Regression discontinuity estimation 

A high score assigned by Unicancer evaluators to equipment increases the firm’s probability of 

becoming a supplier but does not completely determine it. In other words, firms offering 

equipment that obtain high scores have a high probability of winning the procurement bid but 

there is no specific score threshold above which firms are automatically selected to become 

suppliers. In this context, we apply an alternative approach to the estimate of Equation 1, 

implementing a regression discontinuity design approach that uses the scores assigned by 

Unicancer evaluators to each piece of equipment. Specifically, we apply a two-step estimate 

(Angrist and Pischke, 2008).  First, we use a parametric polynomial regression to predict the 

probability of becoming a supplier with the score obtained by the equipment offered by the 

firm (Equation 3). The variable Score is calculated as the average value of the scores assigned 

to each characteristic of the equipment offered. It is a continuous variable that ranges from 0 
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to 5. Second, we use the predicted probability of becoming a supplier as an explanatory variable 

in a difference-in-differences model specification as reported in Equation 4. 

 

𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑟̂ =  𝜹𝟐𝑆𝑐𝑜𝑟𝑒 +𝜹3𝑆𝑐𝑜𝑟𝑒 2 + 𝜹4𝑆𝑐𝑜𝑟𝑒 3  
Equation 3 

 

𝐹𝑖𝑟𝑚′𝑠 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒𝑡 =   

𝛽0 + 𝜷𝟏𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑟̂ *After-market𝑡 + 𝛽2After-market𝑡 +  𝛾 
Equation 4 

 

 

Table 6 confirms a positive and significant effect of becoming a supplier on Firms’ innovation 

performance, in line with the results reported in Table 3. As an additional robustness check of 

our results, following the idea behind regression discontinuity design, we estimate Equation 1 

excluding Firm-Equipment pairs characterized by very low and very high scores. The rationale 

is to include in our sample only pieces of equipment that are qualitatively similar according to 

the Unicancer evaluators and that differ only because some are selected and others are not. We 

define very high scores as the ones above the 75th percentile and very low scores as the ones 

below the 25th percentile. Table 7 shows that the results of this second robustness check are in 

line with our results presented in Table 4.  

 

Table 6: Regression estimating the relationship between procurement and firms’ innovative 

performance using the regression discontinuity design approach. 
  (1) (2) (3) 

 OLS Random effects estimates Random effects estimates 

 Supplier Number of Patents At least one patent 

𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑟̂ *After-market  1.28** 0.10*** 

  (0.59) (0.028) 

After-market  -1.19*** -0.12*** 

  (0.29) (0.014) 

𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑟̂   1.26 0.053 

  (1.51) (0.041) 

Score -5.06***   

 (0.34)   

𝑆𝑐𝑜𝑟𝑒2 1.18***   

 (0.097)   

𝑆𝑐𝑜𝑟𝑒3 -0.081***   

 (0.0089)   

Constant 6.95*** 4.80*** 0.49*** 

 (0.39) (0.47) (0.014) 

Observations 16,530 16,530 16,530 

R-squared 0.145 - - 
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Table 7: Regression estimating the relationship between procurement and firms’ innovative 

performance. The sample used for the estimates excludes Firm-Equipment pairs with very high 

or very low scores assigned by Unicancer’s evaluators. 
  (1) (2) 

 OLS LPM 

 Number of Patents At least one patent 

Supplier*After-market 0.91** 0.11*** 

 (0.40) (0.016) 

After-market -1.38*** -0.14*** 

 (0.22) (0.0089) 

Constant 5.54*** 0.51*** 

 (0.13) (0.0053) 

Observations 9,030 9,030 

R-squared 0.783 0.572 

Firm-Equipment fixed effects Yes Yes 

Number of Firm-Equipment pairs 1,408 1,408 

 

 

7.3 Testing the mechanism at the base of the procurement effect 

We explained the observed positive effect of procurement on firms’ innovation with the 

information flow between hospitals and suppliers. In the analyses reported in Table 4, we use 

the supply of AI-powered equipment as a proxy for a high information flow. However, there 

are other cases in which we expect a high information flow from hospitals to suppliers. We 

identified two of these cases. The first case is when firms are suppliers of a market of large 

size. In this case, the probability of having information feedback from hospitals is higher due 

to the high number of equipment users that can provide firms with useful feedback on the 

equipment technology. The second case in which we expect a higher flow of useful information 

for firms’ innovation activities is when equipment is selected by Unicancer evaluators mainly 

for its technological characteristics. In this case, the equipment technology is crucial for the 

users, who are expected to become a source of technology-related feedback for the firms. 

 

Size of the market  

Following earlier studies, we expect to find a larger effect of hospital procurement on firms’ 

innovation in larger markets (Schmookler 1962; Mowery 2012). We consider two proxies of 

market size. First, we calculate the number of Unicancer hospitals associated with each 

procurement bid. We define the dummy variable Many-hospitals as equal to one if the number 

of hospitals involved in the bid is higher than the average number of hospitals in the bid in our 

sample, i.e., 9 hospitals. As second proxy for market size, we calculate the number of pieces 

of equipment provided to the hospitals by the firms. We define the dummy variable High-

volume as equal to one if the volume is higher than the average in our sample, i.e., 10 pieces of 

equipment.  
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Conditional on becoming a Unicancer supplier, we estimate the model described in Equation 

2 but substituting the variable AI-powered equipment with the variable Many-hospitals (Table 

7) and with the variable High-volume (Table 8). Table 7 and Table 8 show that market size 

boosts the effect of procurement. Based on our assumption that larger markets increase the 

flow of information between hospitals and firms, these results further support our hypothesis 

that the effect of procurement on firms’ innovation is due to information flow. 

 

Table 7: Regression estimating the relationship between procurement and firms’ innovative 

performance in large and small markets. The market size is defined according to the number of 

hospitals supplied. 
  (1) (2) 

 OLS LPM 

 Number of Patents At least one patent 

Many-hospitals*After-market 0.66*** 0.082*** 

 (0.25) (0.015) 

After-market -0.34** -0.066*** 

 (0.16) (0.0098) 

Constant 3.54*** 0.40*** 

 (0.087) (0.0053) 

Observations 7,644 7,644 

R-squared 0.756 0.548 

Firm-Equipment-IPC fixed effects Yes Yes 

Number of Firm-Equipment-IPC triplets 1,274 1,274 

 

 

Table 8: Regression estimating the relationship between procurement and firms’ innovative 

performance in large and small markets. The market size is defined according to the number of 

pieces of equipment supplied. 
  (1) (2) 

 OLS LPM 

 Number of Patents At least one patent 

High-volume*After-market 1.15*** 0.076*** 

 (0.25) (0.015) 

After-market -0.74*** -0.076*** 

 (0.19) (0.012) 

Constant 3.54*** 0.40*** 

 (0.087) (0.0053) 

Observations 7,644 7,644 

R-squared 0.756 0.550 

Firm-Equipment-IPC fixed effects Yes Yes 

Number of Firm-Equipment-IPC triplets 1,274 1,274 
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Technology based selection 

We expect the effect of procurement on innovation to be reinforced by the supply of equipment 

at the frontier of technology than off-the-shelf products (Florio et al, 2017; Aiutio et al. 2004; 

CERN 2018; Cozzi and Impullitti 2010). When the technology of the procured equipment plays 

a crucial role for hospitals, we expect the information flow from hospitals to firms to be on the 

technological aspects of the equipment, favoring equipment technological improvement and, 

consequently, firms’ innovation. We assess the technological content of the supplied equipment 

with two proxies. First, we define the dummy variable High-tech as equal to 1 if the Unicancers’ 

evaluators weigh the technology embedded in the equipment more the 50% of all the selection 

criteria. Second, we consider the number of criteria used by the Unicancers’ evaluators in the 

selection process. The rationale for this proxy for the high technological content of the 

equipment is that if a large number of selection criteria are considered in the selection, less 

weight is attributed to the equipment technology. We define the variable Many-criteria as equal 

to 1 if the Unicancer evaluators apply more than 3 selection criteria, where 3 is the average 

number of selection criteria applied in our sample. 

Conditional on becoming a Unicancer supplier, we estimate the model described in Equation 

2 but substituting the variable AI-powered equipment with the variable High-tech (Table 9) and 

Many-criteria (Table 10). Table 9 shows that firms selected with technology as the main 

selection criterion innovate significantly more than firms selected according to other criteria. 

We observe a positive effect of the interaction High-tech*After-market on the variable Number 

of patents but no effect on the variable At least one patent. Similarly, Table 10 shows that when 

Unicancer evaluators apply many criteria to select equipment, weighting other characteristics 

than the technology, the effect of procurement on firms’ innovation performance is lower. We 

observe a negative effect of the interaction Many-criteria*After-market on the variable Number 

of patents but no effect on the variable At least one patent. 
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Table 9: Regression estimating the relationship between procurement and firms’ innovative 

performance for high-tech and low-tech equipment. High-tech equipment is the one selected 

by evaluators based on the technology embedded. 
  (1) (2) 

 OLS LPM 

 Number of Patents At least one patent 

High-tech*After-market 0.54** -0.0067 

 (0.25) (0.015) 

After-market -0.38** -0.027** 

 (0.19) (0.012) 

Constant 3.54*** 0.40*** 

 (0.087) (0.0053) 

Observations 7,644 7,644 

R-squared 0.868 0.629 

Firm-Equipment-IPC fixed effects Yes Yes 

Number of Firm-Equipment-IPC pairs 1,274 1,274 

 

Table 10: Regression estimating the relationship between procurement and firms’ innovative 

performance using many or few selection criteria. 
  (1) (2) 

 OLS LPM 

 Number of Patents At least one patent 

Many-criteria*After-market -0.51** 0.0063 

 (0.26) (0.016) 

After-market 0.28 -0.035*** 

 (0.21) (0.013) 

Constant 3.54*** 0.40*** 

 (0.087) (0.0053) 

Observations 7,644 7,644 

R-squared 0.755 0.541 

Firm-Equipment-IPC fixed effects Yes Yes 

Number of Firm-Equipment-IPC triplets 1,274 1,274 

 

 

8. Conclusion  

This paper contributes to a better understanding of how hospital procurement in oncology can 

boost industrial innovation in the health sector. Our work investigates the impact of becoming 

a supplier of the French national network of excellence hospitals -Unicancer- on the supplier’s 

innovative performance. Moreover, we test whether a higher information flow from hospitals 

to suppliers, proxied by the supply of AI-Powered medical equipment, is associated with higher 

innovative performance. The rationale for using AI-Powered equipment as a proxy for a high 

information flow is that, through AI-Powered medical equipment, hospitals provide data, 

information, and knowledge to firms that use this information to innovate. 

Our results show that firms becoming hospital suppliers have a significantly higher propensity 

to innovate. About the mechanism, we show that supplying AI-powered equipment further 

boosts the supplier’s innovative performance.  
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We conduct a series of robustness checks on our results. Having data on the grades assigned 

by the hospital to each product, we apply a fuzzy regression discontinuity design to obtain 

estimates as close as possible to the causal effect of becoming a supplier to Unicancer. Our 

discontinuity design regression exercise confirms our main results. Finally, we run a number 

of additional analyses to confirm that the information flow from hospitals to supplier firms is 

the mechanism driving our results. We show that firms selected in procurement bids focusing 

the selection on technological criteria are more innovative than those selected weighing less 

technological criteria. Furthermore, suppliers selected in large bids involving many hospitals 

and a high equipment volume also benefited from becoming suppliers.  

These results inform policymakers on the design of procurement bids to encourage firms’ 

innovation. Our result on the positive effect of AI-Powered equipment on firms’ innovation is 

coherent with the view that hospitals represent an appropriate environment for developing AI 

technologies due to the volume of data they produce. Moreover, we show that large 

procurement bids focusing on technological selection criteria positively affect supplier firms’ 

innovation.  
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