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Abstract 

By extending the framework presented by Dosi et al. (2023b), we build an evolutionary 

agent-based model of the pharmaceutical sector featuring a government and a Public 

Research Lab investing in R&D and innovating across different therapeutic areas. After 

having empirically validated our baseline scenario, we experiment with different 

configurations of the industry embedding varying degrees of public involvement in 

innovative activities, participation in the collection of rewards of innovation and 

demand management. Simulation exercises show that the very existence of the Public 

Research Lab is capable of considerably moving forward the knowledge base and the 

related technological opportunities. Moreover, while mixed innovation systems do 

not significantly improve the public and private performance of the economy, more 

public-oriented innovation systems (Dosi and Stiglitz, 2014) increase societal welfare 

by spurring innovation and containing prices, and, even more important, by directing 

innovative search into domains of social priority. 
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1 Introduction 

The COVID pandemic has shown both the importance of innovation in the pharmaceutical 

sector and the dysfunctionality of the current IPR system in the discovery and diffusion 

of new drugs. Indeed, most of basic research leading to the COVID-19 mRNA vaccine 

had been undertaken in public institutions and was paid by the public sector (Dosi et al., 

2022; Lalani et al., 2023). Moreover, the public grossly overpaid for its development (Dosi, 

2021). Still, drug companies were able to reap outrageous profits, while the vaccination of 

most countries took place at a very slow pace. Problems with the innovation model of the 

pharmaceutical sector are not only related to vaccines, but relate more generally to drugs 

which society badly needs but that are outside the scope of the expected profitability of 

big pharma companies. This flags a more general dysfunctionality of the current system of 

innovation in drug search, development, production and pricing. 

There are multiple basic drawbacks in the current institutional setting. First, the public 

continues to generate most of the innovative knowledge upon which new drugs draw 

(and increasingly so, cf. Cleary et al., 2018; Arora et al., 2018). At the same time, second, 

the direction and the rates of innovation are chosen by Big Pharma—with or without the 

intermediate step of new biotech companies—which continues to pick and choose which 

new elements of knowledge to explore and eventually to bring to the production stage, 

irrespectively of any social priority (see for instance the recent case of Gilead strategically 

delaying the pursue of a promising H.I.V. therapy for the purpose of profit maximization, 

and Gupta et al. 2022 on the issue of evergreening). And rightly so: they are there to make 

money, not to be charitable organizations (so for example, since the year 2000, less than 6% 

of all New Molecular Entities approved by the FDA concerned antibiotics or antiviral drugs, 

cf. Walker, 2017). In all that, third, changes in IPR regimes basically induced changes in 

the rents accruing to pharmaceutical companies, certainly with no effects on the directions 

of innovation and possibly with negative effects on its rates (on this whole point, Angell, 

2005; Cimoli et al., 2009, 2014; Baker, 2016; Baker et al., 2017; Dosi et al., 2023a). 

Granted that, there is an urgent need for a new institutional system of innovation in 

the pharmaceutical sector, involving a renewed and larger role of the public sector. This is 
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what we try to demonstrate in the present work where we extend the agent-based model 

of the drug industry of Dosi et al. (2023b) in order to study the interactions between patent 

protection, different degrees of public involvement, and the rates and direction of 

innovative search. 

The model embeds an artificial industry populated by firms that compete in different 

"submarkets" corresponding to various therapeutic categories (e.g., vaccines, antibiotics, 

chemotherapeutics, etc.). Therapeutic areas are characterized by heterogeneous levels of 

potential and effective demand, depending not only on the number of would-be patients 

but also on their purchasing power. And of course there are heterogeneous degrees of 

severity of the associated diseases. Firms invest in R&D, if they do, in order to develop 

new products and gain market shares. Innovation may occur locally, in the form of quality 

improvements within a given submarket, or may result in product diversification as firms 

branch into other existing submarkets. Moreover, firms may discover a new submarket 

and enter in an unexplored therapeutic category. Innovations are protected by patents that 

allow innovative companies to exclude competitors from areas of the product space sur- 

rounding their newly discovered drugs. The patent system is characterized by its breadth, 

which determines the extent of the infringement area, and by its length, i.e. the duration 

of protection. The imitation of products may occur when patents have expired. 

In the model there is a government financing both the national healthcare system and 

a Public Research Lab, in the spirit of the one proposed by Gamba et al. (2023), carrying 

out research, both exploring novel opportunities within therapeutic categories for which 

cures already exist and developing drugs in frontier therapeutic categories that are yet 

unexplored. R&D investment choices of the public sector in different therapeutic categories 

are shaped by the severity of the therapeutic area (weighted by the extent to which the 

related disease is widespread in the population). The Lab diffuses its novel knowledge 

through scientific publications, thus allowing also for spillovers from the public to the 

private sector. 

We explore scenarios with different degrees of public involvement in innovative 

activities, participation in the collection of rewards of innovation and demand 

management. Scenarios embody settings ranging from a fully private system, to a mixed 
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system, all the way to scenarios in which the public undertakes most of the exploration 

and also the industrial "exploitation" of innovative knowledge. We explore which systems 

produce the most favorable conditions, both in terms of innovation performance and 

societal welfare, considering heterogeneous therapeutic areas and demand settings. We 

begin by analyzing a competitive setup (Experiment 1A) and then introduce the Public 

Research Lab (Experiment 1B), where the public is not allowed to patent. Next, we examine 

mixed innovation systems (mimicking the current rules of the game) where the public 

patents innovations and sells them to firms at a fixed cost or by retaining a share of profits 

(Scenario 2). Experiment 3A introduces regulation on markups and additional demand by 

the government in priority therapeutic areas. Some experiments also explore a more 

public-oriented innovation system (Experiments 3B and 3C), which includes regulation 

and government support in priority therapeutic areas, and requires firms to freely share 

their knowledge associated with innovations in these socially relevant domains (cf. Dosi 

and Stiglitz, 2014). Additionally, Experiment 3C embodies alternatives to the current patent 

system, such as an innovation prize system (cf. again Dosi and Stiglitz, 2014) that grants a 

prize to firms that discover a cure in a socially relevant therapeutic area where no cures 

previously existed. 

Monte Carlo simulations show that the extended model is able to replicate industry- 

specific stylized facts both concerning the private and the public sector. Moreover, scenario 

exercises demonstrate the following. First, the very existence of the Public Research Lab is 

capable of considerably moving forward the knowledge base and the related technological 

opportunities. Second, extensive public engagement is not only better able to cope with the 

uncertainty inherent in innovative search, but is also far more capable of shaping the 

resulting "rewards" (note that the drug industry is one where private and social returns 

are likely to dramatically differ). In fact, health ought to be considered a collective right, 

rather than the result of the access to an appropriable good. 

More specifically, when the Public Research Lab actively engages in innovation, both 

the number of available innovations and welfare indicators (such as new molecular entities 

weighted by severity and diffusion of the associated diseases) significantly increase com- 

pared to the competitive counterfactual scenario. The public is responsible for around 30% 
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of discovery of new molecular entities and achieves innovations of higher quality on aver- 

age compared to the private sector. Mixed innovation systems, although allowing for the 

generation of some revenues for the government, do not significantly improve societal 

welfare (e.g., in terms of the number and quality of available innovations, and reduced 

public costs), because firms still could charge monopoly prices on the discovered products, 

and, most importantly, because public knowledge is privatized. Instead, more public-

oriented innovation systems (particularly experiments 3B and 3C, Dosi and Stiglitz, 2014) 

increase societal welfare by spurring innovation and containing prices, and, even more 

important, by directing innovative search into domains of social priority. Overall, our 

model shows that the impact of public involvement on innovation and welfare is highly 

nonlinear, with marginal changes of public participation within the current rules of the 

game having limited impacts, while more bold policies significantly improving the 

industry’s innovative performance and societal wellbeing. 

The remainder of the paper is organized as follows. In Section 2 we present the model, 

with Section 2.7 describing the role of the government and the Public Research Lab. Results 

are reported and discussed in Section 3. Finally, Section 4 concludes. 

2 The model 

The model comprises 𝑁	 firms (indexed by 𝑖) operating in different parallel submarkets 

(indexed by 𝑗), each corresponding to a different therapeutic area in which firms compete 

through the discovery and development of new products.1 Submarkets emerge 

endogenously from innovation activities and are represented as bi-dimensional, open-

ended product lattices, where coordinates 𝑥	 and 𝑦	denote two discrete dimensions of 

product quality.  Accordingly, a given product in submarket j, produced by firm i, at time 

t, is described by the pair 𝑥!,#$ ,	𝑦!,#$ .		At	any	point	in	time,		firms	are	fully	characterized	by:	(i)	
 

1 Empirical studies identify therapeutic markets through different classification schemes, relying on 

clinical indications and/or on the organ targeted by drugs together with their therapeutic and chemical 

properties (Pammolli et al., 2011). 
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the	 location	 of	 their	 products	 in	 the	 product	 space	 (with at most one product per 

submarket); (ii) their R&D investments; (iii) prices; (iv) market demand and total sales. 

This extended version of the model also incorporates a public sector, represented by a 

national research laboratory that conducts frontier research and innovation both within 

existing submarkets and by exploring novel therapeutic categories. 

The model includes a patent system that grants innovative firms the right to exclude 

competitors from a neighborhood around newly discovered products. Once patent 

protection expires, patented products can be easily imitated due to information disclosure 

effects. Through both channels, the patent system feeds back into the innovation process, 

influencing its rate and direction as well as the evolution of market power and 

competition. The Public Research Lab may also patent innovations and generate spillovers 

to the private sector under different risk-reward configurations. In addition, the 

government may implement regulation policies and sustain demand. 

Demand dynamics is heterogeneous across therapeutic areas. Each therapeutic area is 

characterized by the following four heterogeneous characteristics: maximum effective 

demand, the speed of demand saturation, the severity of the associated disease and the 

number of individuals potentially affected by the associated disease. The model thus allows 

for the emergence of orphan/rare diseases, characterized by high severity and for which 

there is a small market, and neglected diseases, which primarily affect poorer regions of the 

world and exhibit a large gap between the number of individuals being in need of the 

associated drug and the number of individuals who are able to buy it. The model also 

allows for the existence of diseases for which there is a large potential market but for which 

finding a cure is relatively difficult. Furthermore, some submarkets may experience a 

rapid demand growth that mimic a state of emergency, such as the COVID-19 crisis. 

In the following sections we provide a detailed description of the model by outlining 

the sequence of events and the rules and equations governing firm behavior and market 

selection. 

2.1 Timeline of events 

Within each time step events proceed as follows: 
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1. Firms set their R&D expenditures and allocate them to different types of search 

activities following adaptive behaviors. 

2. The innovation process takes place. Firms may: (i) discover new products (or copy 

existing ones) in a submarket where they are already active; (ii) branch into an 

existing submarket where they are not yet operating; (iii) discover a new submarket. 

The Public Research Lab might also innovate both within existing submarkets and in 

unexplored therapeutic categories. 

3. Intellectual property rights are at work: firms that moved into areas protected by a 

patent are forced to stick to their old products. Instead, if there is no violation, firms 

are allowed to patent the newly discovered product. Variations of the IPR system will 

be at work in different scenarios (see Section 2.7). 

4. Market competition opens: firms set prices and sell their products. At the end 

of this process, firm-specific sales are computed in each submarket and profits are 

determined. 

5. Entry and exit start: firms exit from submarkets when market shares are below a 

minimum threshold. A firm dies when leaving all the submarkets. Entrants replace 

dying firms. 

2.2 Demand 

Let us start by describing the evolution of demand in different therapeutic areas, as this 

will represent a factor influencing innovation choices. 

Effective demand in each submarket (𝐷$) evolves according to a logistic function of time 

(starting from the time of first discovery of the submarket):2 

 

																																					𝐷#$ =	 %!"#$

&'(
%&'

! ()%)*
!+,                       

 
2 As the pharmaceutical sector is characterized by demand elasticities across therapeutic areas close to zero 

(Orsenigo et al., 2006), separating demand across submarkets is a relatively mild assumption. 

(1) 
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with 𝐷$)*+ 	∼ 	Pareto(x), 𝛼), 𝛾%$ > 0  also heterogeneous across submarkets with 𝛾%$ 	 ∼
	ParetoIx), , 𝛼-J,  but uncorrelated with demand.  The term 𝑡.$ stands for the time when the 

submarket was first discovered, 𝐷$/01	is the maximum level of demand and 𝛾%$	 accounts 

for the speed of saturation. High values of the latter parameter in some submarkets will 

imply a rapid increase in demand, which might mimic a state of emergency, as e.g. the 

COVID-19 crisis. 

Although equation 1 governs the process of actual demand in different submarkets 

(which also depends on the ability to pay of individuals),3 each therapeutic category 𝑗	is 

characterized by a number of potential patients, 𝑁𝑃𝑗	∼ Pareto(𝑥/23, α23), which stands for 

the extent to which the related disease is widespread in the population,4 and by a degree 

of severity of the associated disease 𝐷N$ 	 ∼ Pareto(𝑥/%4 , α%4), which will be normalized such 

as to obtain values between 0 and 1.5  Note that the diffusion and the respective severity of 

a disease are uncorrelated. This extension allowing for heterogeneity in demand dynamics 

across submarkets will imply that there may emerge orphan/rare diseases, characterized 

by high severity but for which there is a small potential market, and neglected diseases, 

referring to illnesses that mainly exist in poorer areas of the world, which will instead be 

characterized by a large gap between the number of effective and potential consumers.6 

 

3 The number of individuals that is able to pay for the drugs in submarket 𝑗 is given by 𝑁𝐶,
- = .!"

/̅
!
", where 𝑝̅,

-is 

the average price in submarket j at time t (more on this in subsection 2.5). 

  4 Potential demand in submarket j, 𝐷𝑃-, may thus be defined as follows: 𝐷𝑃,
- = 𝑁𝑃- 	𝑝̅,

-. 

5 In the simulation exercises in this work we draw the severity parameter from a uniform distribution between 

0 and 1, for simplicity. 

6 In this version of the model we restrain from microfounding income distribution. Simply, the model allows 

for the emergence of some submarkets that are characterized by a high gap between actual consumers and 

potential consumers, not because the number of people affected is low, but instead due to a low income and 

therefore limited purchasing power of great parts of the population affected by the disease. A more explicit 

modelling of income distribution is surely one direction that we plan to explore. 
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2.3 R&D and innovation 

 Firms are assumed to invest a constant share (𝑠𝑅𝐷) of their past sales in R&D:7 

 

𝑅𝐷𝑖,𝑡	= 𝑠𝑅𝐷𝑠𝑎𝑙𝑒𝑠!,#5&,	  

where 𝑠𝑅𝐷	∈ (0,	1). Firms engage in three distinct search activities that broadly reflect the 

types of discoveries undertaken by pharmaceutical companies. First, (A) they invest in 

improving the quality of their existing products, for example by enhancing the therapeutic 

efficacy of their drugs already on the market. Second, (B) they attempt to enter existing 

submarkets in which they do not yet operate, thereby diversifying their product portfolios 

across therapeutic areas. Third, (C) a share of research effort is devoted to the discovery of 

new drugs addressing unmet therapeutic needs, leading to the emergence of entirely new 

submarkets. Accordingly, firms allocate their total R&D expenditure across these three 

search activities (labelled 𝐴, 𝐵	and 𝐶): 

𝑅𝐷!,#6 = 𝑠6𝑅𝐷!,# , 
𝑅𝐷!,#7 = 𝑠7𝑅𝐷!,# , 

𝑅𝐷!,#8 = (1 − 𝑠6 − 𝑠7)𝑅𝐷!,# , 
where 𝑠𝐴,	𝑠𝐵	∈ [0,	1] and (𝑠𝐴	+ 𝑠𝐵) ≤ 1. 

Innovation is modelled as a two-step stochastic process. In each period, a Bernoulli 

draw determines whether the firm is successful in one or more innovation activities. This 

first step captures the inherent uncertainty of drug discovery and development during 

 
7 The assumption of invariant R&D shares is standard in evolutionary models (e.g. Chiaromonte and Dosi, 

1993; Dosi et al., 2010) and is supported by extensive empirical evidence (e.g. Mansfield, 1968; Freeman, 1982; 

Griliches et al., 1987; Kay, 1979). On firms’ R&D decisions in the pharmaceutical sector see also Grabowski 

and Vernon (2000); Arora et al. (2009) and Dubois et al. (2015). We set the R&D share to 10% in line with the 

empirical data (see Section 3). In a previous version of the model (Dosi et al. 2023b), we also presented policy 

experiments allowing firms to adjust their shares in response to incentives provided by the patent system. 

Moreover, in Experiment 3C, encompassing a prize system in socially relevant therapeutic areas, R&D shares 

react to increased appropriability by increasing their R&D shares. 

(3) 

(4) 

(5) 

(2) 
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both pre-clinical and clinical phases. Innovation failures may arise, for instance, from the 

inability to isolate chemical molecules in the laboratory or from unfavorable evidence 

emerging during clinical trials (Scherer, 2010).8 The probability of successfully introducing 

a new product increases with R&D expenditure:  

𝑝!,#		6 = 𝑝𝑚𝑎𝑥6 [1 − 𝑒5:1;%2,)	1 \, 
 

𝑝!,#		7 = 𝑝𝑚𝑎𝑥6 [1 − 𝑒5:5;%2,)	5 \, 
 

𝑝!,#		8 = 𝑝𝑚𝑎𝑥8 [1 − 𝑒5:6;%2,)	6 \, 
 

with 𝑝𝑚𝑎𝑥𝐴, 𝑝𝑚𝑎𝑥𝐵, 𝑝𝑚𝑎𝑥𝐶	∈ (0,	1) and 𝜃𝐴, 𝜃𝐵, 𝜃𝐶	 >	0. The exponential parameters (𝜃𝐴, 
𝜃𝐵, 𝜃𝐶) capture industry-wide factors that positively affect innovation probabilities. These 

parameters can be interpreted as proxies of the quality of the innovation system underlying 

each type of search activity, including indirect government support and infrastructure that 

fundamentally shape firms’ search capabilities and innovation success in the 

pharmaceutical industry. 

Structural degrees of uncertainty across innovation activities impose different upper 

bounds 𝑝𝑚𝑎𝑥	 to each type of innovation. In particular, the discovery of drugs for 

previously untreated diseases—resulting in new submarkets—is subject to substantially 

greater uncertainty than incremental quality improvements within established 

therapeutic areas. Accordingly, we assume that: 𝑝𝑚𝑎𝑥𝐴	 ≥ 𝑝𝑚𝑎𝑥𝐵	 > 𝑝𝑚𝑎𝑥𝐶. 

Consistently, firms are assumed to allocate smaller shares of R&D to more uncertain 

activities, such that 𝑠𝐴	 ≥ 𝑠𝐵	 >	 𝑠𝐶. A natural extension of the model would involve the 

differentiation across types of firms, e.g. "radical explorers" vs. "imitators", and study the 

evolution of such an ecology of firms. Another extension would explicitly account for the 

 
8 DiMasi et al. (2003) document attrition rates in clinical trials respectively of 29% for Phase I, 56% for Phase II 

and 31% for Phase III. Pammolli et al. (2011) find increasing attrition rates over time across both pre-clinical 

and clinical phases for the period 1990-2004. 

(7) 

(8) 

(6) 
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declining propensity of pharmaceutical firms to invest in highly uncertain, radical search, 

as suggested by the evidence discussed above. We leave these refinements to future work. 

Conditional on success in the first step, a firm introduces a new product. The second 

step of the innovation process determines the characteristics of the drug, namely the 

submarket (therapeutic area) and its location in the product space (quality). This stage is 

intended to capture the complex and partly random process of molecular screening that 

underlies drug discovery and the determination of therapeutic use and efficacy (Scherer, 

2010). 

We now turn to a detailed discussion of the second step of the process for each type of 

innovation. 

Quality improvements within a submarket (type A). An innovative firm can achieve quality 

improvements within a given submarket either by developing new drugs or by imitating 

higher-quality products introduced by competitors. First, the firm randomly selects, with 

uniform probability, one of the submarkets in which it is already active (denoted 𝑗∗). The 

drug produced by the firm in that submarket at time t-1 is therefore characterized by the 

coordinates:	 𝑥!,#5&	$∗
, 𝑦!,#5&	$∗ . Let E denote the set of existing products produced by 

competitors at t-1 in 𝑗∗ that exhibit higher overall quality.  Let S define a search area in the 

neighborhood of  𝑥!,#5&	$∗
, 𝑦!,#5&	$∗

, where:  

 

𝑆 = {(𝑎, 𝑏)|	𝑎 + 𝑏 > 𝑥!,#5&$∗ + 𝑦!,#5&$∗ ; 𝑎 + 𝑏 ≤ 	𝑥!,#5&$∗ + 𝑦!,#5&$∗ +	𝑘!,#5&$∗ }. 
 

The innovative firm then draws a new product belonging to the space 𝐸	∪ 𝑆. Intuitively, 

the firm may either explore a local search area in a neighborhood of its current product or 

imitate one of the higher-quality products introduced by competitors.9 

The size of the search area is governed by the firm-specific variable 𝑘,	which evolves 

according to: 

 
9 Similar search rules have been introduced in other evolutionary models of innovation (see e.g. Fagiolo and 

Dosi, 2003; Silverberg and Verspagen, 2005). 

(9) 
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𝑘!,#5&$∗ = 𝑘h
1 − 𝑒5-8	(12,)%9!∗

'>2,)%9
!∗

)
, 

with	𝑘h , 𝛾𝑘	 >	 0. The underlying intuition is that the scope for further quality improvements 

decreases as firms approach the frontier. That is, the higher the values for 𝑥	and 𝑦,	 the 

smaller the local search area explored by the firm. The parameter 𝑘h regulates the dimension 

of the area as a proxy of technological opportunity for firms at the frontier, while 𝛾𝑘	controls 

the speed at which opportunities are exhausted as the frontier is approached. 

Finally, the draw of the new product in 𝐸	∪ 𝑆	is modelled through a transition 

probability matrix. The probability of discovering a product with coordinates (𝑎,	𝑏) in 𝐸	∪ 

𝑆	is given by: 

 

𝑃𝑟𝑜𝑏(𝑎, 𝑏) =
𝑑(𝑎, 𝑏)

∑ 𝑑(ℎ, 𝑔)(+,-)∈0∪2	

, 

𝑤ℎ𝑒𝑟𝑒:	𝑑(ℎ, 𝑔) = 1 + 𝛾&𝑒𝑥𝑝𝑖𝑟𝑒𝑑𝑝𝑎𝑡(ℎ, 𝑔)1 + 𝛾.(ℎ + 𝑔 −	𝑥!,#5&$∗ − 𝑦
!,#5&

$∗ ), 
 

where 𝛾0,	𝛾1 ≥ 0 and 𝑒𝑥𝑝𝑖𝑟𝑒𝑑𝑝𝑎𝑡(ℎ,	𝑔) is an indicator function equal to 1 if there is an expired 

patent associated to the product (ℎ,	𝑔). 

Accordingly, the probability assigned to a potential new product decreases with its 

distance from the firm’s current product, reflecting the fact that radical quality jumps 

within a submarket are more difficult to achieve than incremental improvements. At the 

same time, products that were previously patented and whose patent protection has 

expired are more likely to be imitated due to information disclosure effects, thereby 

capturing the emergence of generic drugs. 

If  this process is successful—namely, if the new drug is "better" than the previous one—

the firm updates its coordinates in submarket 𝑗∗ and replaces its previous product.  

Penetrating existing submarkets (type B). Firms might also enter an existing submarket 

by introducing a new drug, thereby diversifying their product portfolios. Let 𝐽	denote the 

number of existing submarkets at 𝑡	− 1. For a potentially innovative firm, the probability 

(10) 

(11) 
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of entering submarket 𝑎	∈ [1,	𝐽] is defined as: 

 

𝑃𝑟𝑜𝑏(𝑎) = 𝑑(𝑎)∑ 𝑑(𝑏)@∈[1,J]
, 

𝑤ℎ𝑒𝑟𝑒:		𝑑(𝑏) = q1 + ΨNex(b) + 	ζIDC)*+ + 𝑢!#$ J			𝑖𝑓	𝑡ℎ𝑒	𝑓𝑖𝑟𝑚	𝑖𝑠	𝑛𝑜𝑡	𝑎𝑙𝑟𝑒𝑎𝑑𝑦	𝑝𝑟𝑒𝑠𝑒𝑛𝑡	𝑖𝑛	𝑏0,																													𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,																									  

where Ψ ≥ 0, 𝑁	𝑒	𝑥(𝑏) denotes the number of products in 𝑏	 with an expired patent 

associated, 𝜁	≥ 0, 𝐷$/01 is the maximum effective demand in submarket j and 𝑢!#$ ∼ 𝑁(0, σ) is 

a firm-specific error affecting expected demand at time t in submarket j.  

Accordingly, firms are more likely to enter submarkets characterized by a large number 

of expired patents, reflecting disclosure effects (mediated by the parameter Ψ). In addition, 

firms are assumed to know, with some error, which therapeutic categories are more 

promising in terms of expected effective demand. As a result, submarkets with higher 

expected (maximal) demand are entered with greater probability. Note that demand within 

a therapeutic category can be interpreted as the combination of purchasing power, 

reservation price (depending on the severity of a disease) and numerosity of the population 

affected by the associated disease. Once a  new submarket has been selected (denoted 𝑗2DE), 

the firm randomly draws a point in the space spanned by {1, 𝑋#5&$:;<} and {1, 𝑌#5&$:;<}, where 

𝑋#5&$:;<
 and 𝑌#5&$:;<represent the quality frontiers in submarket jFGH at time t-1. The newly 

discovered product is then added to the firm’s portfolio.  

Discovery of new submarkets (type C). This form of innovation is radical and leads to the 

creation of a new submarket. It corresponds to situations in which a firm discovers a new 

drug addressing an unexplored therapeutic area. Let 𝐽	denote the number of existing 

submarkets at 𝑡	– 1. Following a successful type-C innovation, the firm opens a new bi-

dimensional space 𝐽	+ 1. The initial product in this submarket will be randomly drawn from 

the area spanned by [1,	𝑋	𝑖𝑛𝑖𝑡] and [1,	𝑌𝑖𝑛𝑖𝑡], where 𝑋	𝑖𝑛𝑖𝑡	 and 𝑌𝑖𝑛𝑖𝑡	 define the initial 

dimension of each new submarket. The innovative firm acts as a first mover and adds the 

new product to its portfolio. In subsequent periods, second movers are allowed to enter the 

(12) 
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new submarket (through branching, i.e. innovation type B). If expected effective demand 

in the newly discovered therapeutic area falls below the median expected demand across 

existing submarkets, the firm will patent the product, but it will not produce it.10  

2.4 The patent system 

Patents grant innovators the right to exclude competitors from entering a neighborhood 

surrounding the patented product.11 Given product coordinates 𝑥$ and 𝑦$, the area of 

patent infringement is defined as: 

V	 = 	 {(a, b)|xC − 	P	atbr	 < 	a	 < 	 xC 	+ 	P	atbr;	yC 	− 	P	atbr	 < 	b	 < 	 yC 	+ 	P	atbr}, 
where Patbr is a policy parameter regulating the size of the protected area and thus 

capturing the breadth of the patent system. The length of patent rights is determined by 

the Patlen parameter, which is set to 20 time steps, in line with the observed duration of 

patent rights. A newly discovered product is patented only if it does not infringe upon an 

existing patent. If instead it falls within a "forbidden" area, the innovating firm is not 

allowed to initiate production and must continue producing its previous product.12 Once 

a patent is granted, the patenting firm retains exclusion rights until patent expiration. 

Products whose patents have expired cannot be patented again; however, we allow for 

the possibility of "me-too" patenting in neighboring areas (DiMasi and Faden, 2011). As 

discussed above, imitation becomes easier after patent expiration due to knowledge 

disclosure effects. For simplicity, these effects do not operate during the patent lifetime 

 
10 The model allows to experiment with various thresholds in expected demand regarding the choice of 

whether to produce in a given submarket or not. In the simulation exercises of this work, for simplicity, we 

avoid imposing this additional assumption that would only reinforce our results. 

11 For simplicity, we assume that all products are patented. In the case of the pharmaceutical industry this 

simplifying assumption is not very far from reality. Indeed, the evidence provided by Bessen et al. (2008) 

suggests that patenting is pervasive in the sector, with pharmaceutical firms applying for patents on 79 percent 

of pharmaceutical products (see also the evidence on families of patents in Dosi et al., 2023a). 

12 In this version of the model, we avoid introducing litigation costs. Insofar as they imply a net welfare loss, our 

results will provide a conservative assessment (downward-biased) of the impact of patents. 

(13) 
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but only materialize once protection rights expire. Likewise, the model abstracts from 

licensing activities by patent holders. 

2.5 Pricing and market dynamics 

Firms set the prices for their products according to markup rules. In each submarket, the 

price charged is given by: 

𝑝!,#$ = I1 +𝑚!,#
$ J𝑢𝑐, 

where the markup will be "what the market can take" in the case of a discovery of a new 

submarket (see description of equation 15), and a markdown on initial markups when a 

firm enters in a submarket that was newly discovered by other firms. The markup will then 

be adjusted according to sales growth (see description of equation 16), with the condition 

𝑚!,#
$ ≥ 𝑚/!I to be satisfied. uc are unit production costs (supposed to be exogenous for 

simplicity) and m is a submarket- and firm-specific markup.13 This implies that firms face 

identical and invariant unit costs as we do not model process innovation. Hence, we do not 

account for economies of scale in production, nor for fixed costs in production, marketing 

and sales.14 

As anticipated, when a firm enters a new undiscovered submarket j (innovation type C), 

the initial firm-specific markup, mJ,JKJLJ*M

C
, is set according to some main characteristics of the 

related therapeutic category, i.e. the severity, the speed of saturation of demand, and 

maximal effective demand (which are known with some error  by the firm ϵJ,L). The initial 

markup is thus determined as follows: 

𝑚!,!I!#!0N
$ = 𝑓Iµ%4𝐷ON + µ,γ%$ + I1 − µ%4 − µ,J𝐷$/01 + ϵ!,#J, 

 
13 As a simplifying assumption, we normalize 𝑢𝑐	to 1. 

14 The inclusion of economies of scale and fixed costs would introduce barriers to entry and competition 

alternative to those provided by patents, thus, partially substituting them as appropriation mechanism and 

acting as a potential confounding element. On the contrary, the omission of fixed costs may bias negatively the 

returns associated to patents, as they could facilitate recouping those expenditures. Yet, the model also neglects 

litigation costs and strategic patent portfolio behaviors which are likely to affect results in the opposite direction. 

(14) 

(15) 
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      with µP4 , µ,	and I1 − µP4 − µ,J	attributing weight to the severity of the disease, the speed 

of saturation of demand and maximal effective demand respectively. f() is a function that 

simply rescales the initial markup between �m)JK, m��.	Instead, when a firm enters a 

submarket that has already been discovered by other firms or the Public Research Lab, the 

initial markup is a markdown on mJ,JKJLJ*M

C 	by subtracting a random shock, thus mimicking 

the imitative behavior of firms (see the related discussion on the pricing in Sylos Labini’s 

models in Dosi, 2023). 

Markups are updated at any time step according to the dynamics of market power. 

More specifically, we assume a discontinuous adjustment in the form: 

𝑚$
!,#= 

⎩⎨
⎧ 𝑚𝑖𝑛{𝑚!,#5&

$ + 𝑣!,#$ ; 	𝑚/01},											𝑓𝑜𝑟		𝑔(𝑠𝑎𝑙𝑒𝑠)!,#5&$ ≥ 	τ
𝑚!,#5&
$ ,																																								𝑓𝑜𝑟			ρ < g(sales)J,L5&C < 	τ𝑚𝑎𝑥{𝑚!,#5&

$ − 𝑣!,#$ ; 	𝑚/!I},													𝑓𝑜𝑟				𝑔(𝑠𝑎𝑙𝑒𝑠)!,#5&$ ≤ ρ,
 

where 𝜏	 >	 0, 𝜌	 <	 𝜏	 and 𝑚𝑚𝑎𝑥	 > 𝑚𝑚𝑖𝑛	 > 0. The parameters 𝑚𝑚𝑎𝑥	 and 𝑚𝑚𝑖𝑛	 impose 

respectively upper and lower bounds on markups. In particular, the parameter 𝑚𝑚𝑎𝑥	

might also be influenced by price regulation by public authorities, wherever price controls 

are adopted (notably not in the USA). The term g(sales) stands for the growth rates of sales 

experienced by the firm in submarket 𝑗, while 𝜏	and 𝜌	represent thresholds above (or below) 

which the firm will adjust its markup and 𝑣	is the (stochastic) adjustment from a uniform 

distribution with support [𝑣𝑚𝑖𝑛	,	𝑣𝑚𝑎𝑥]. Intuitively, markup adjustments occur as a response 

to sufficiently large variations in market shares, as proxied by past sales growth.15  

Total demand (see Section 2.2) is allocated to individual firms via a process of market 

selection. More specifically, we use a quasi-replicator dynamics to determine firms market 

shares (f) according to their competitiveness (or fitness, fit), defined as:16 

𝑓𝑖𝑡!,#$ = 𝑧I𝑥!,#$ + 𝑦!,#$ J + (1 − 𝑧)1/𝑝!,#$ . 
Thus, in each submarket 𝑗, product fitness is measured as a weighted average of overall 

 
15 Our markup adjustment rule intends to catch the intuition that firms enjoying market power tend to increase 

prices, "as much as the buyer can take" (Orsenigo et al., 2006).  

16 For an in-depth presentation of replicator dynamics of this type see Dosi et al. (1995) and Dosi et al. (2016). 

(16) 

(17) 
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quality and the inverse of price, where 𝑧 ∈ [0,1]	defines their relative weights.17 Then, 

market shares are computed as: 

𝑓!,#$ = 𝑓!,#5&$ �1 + µ𝑓𝑖𝑡!,#$ − 𝑓𝚤𝑡#O�����
𝑓𝚤𝑡#O����� �, 

with µ > 0. The variable 𝑓𝚤𝑡���� represents the weighted average fitness in submarket 𝑗	while 

the parameter 𝜇	accounts for the strength of competition and market selection.18 In economic 

terms, the quasi-replicator equation implies that firms that are more efficient than the average 

(i.e. those producing high-quality drugs and charging low prices) will expand relatively to 

their competitors in the same submarket. When a firm discovers a new submarket its initial 

market share is set to one, while, as a firm enters in an existing submarket, it starts with a 

near-zero market share (𝑓/!I). 	

Firms total sales are then computed aggregating sales from each product: 

𝑠𝑎𝑙𝑒𝑠!,# = � 𝑓!,#$𝐷#$
$∈32,)

, 
where P is the set of submarkets where firm i operates at time 𝑡. Accordingly, total net 

profits are computed subtracting R&D costs (𝑅𝐷) and production costs (𝑄𝑖,𝑡	𝑢𝑐) from total 

sales: 

Π!,# = 𝑠𝑎𝑙𝑒𝑠!,# − 𝑅𝐷!,# − 𝑄!,#𝑢𝑐 − 𝐹𝐶, 
where 𝑄!,# stands for production volumes by firm i at time t and FC are fixed costs 

associated to e.g. testing and marketing.19 

 
17 It is widely recognized that price competition has a limited role in the Pharmaceutical industry while product 

innovation remains the dominant driver of market success (Orsenigo et al., 2006). For this reason, we set the 

parameter z to 0.8 in our baseline parametrization, attributing larger relevance to product quality vis-à-vis prices. 

18 Specifically, the variable 𝑓𝚤𝑡//// is computed as: 𝑓𝚤𝑡,/////- = ∑ 𝑓𝑖𝑡=,,
- 𝑓=,,>?

-
=∈A",! , where 𝐼-,, is the set of firms competing in 

submarket j at time t.  

19 Production volumes are simply computed as: 𝑄=,, = ∑
BCDEB

$,!
"

/
$,!

"-∈F$,! . 

(18) 

(19) 

(20) 
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2.6 Entry and Exit 

At the end of each time step, firms abandon less profitable submarkets. Specifically, 

we assume that they leave a submarket when their market share is below a minimum 

threshold (𝑓𝑚𝑖𝑛). When a firm exits from all the submarkets it is considered dead and 

replaced by an entrant, thus keeping fixed the total number of firms. Entrants first 

randomly draw a submarket and then pick their initial location in the product landscape by 

adding a discrete uniform shock (with support: [𝜆,	 𝜔]) to the weighted averages of 

incumbents’ 𝑥	and 𝑦.20	The patent system also feeds back to the process of entry and exit. 

If the product introduced by entrant falls into the area protected by a patent (cf. Eq. 13), 

the firm cannot start production and is forced to leave the market, i.e. it is replaced by 

another entrant in the next step. 

2.7 The government and the Public Research Lab 

The model features a government financing both the national healthcare system and a 

Public Research Lab (PRL)—in line with Dosi et al. (2023c)—which carries out research both 

exploring novel opportunities within therapeutic categories for which cures already exist 

(innovation type A and B) and developing drugs in therapeutic categories unexplored by 

firms yet (innovation type C). 

R&D investment choices of the public sector in different therapeutic categories are 

shaped by the severity of the associated disease, (𝐷)£  (a value ranging between 0 and 1), 

weighted by the extent to which the disease is widespread in the population, or potential 

number of people suffering from the disease, 𝑁𝑃, in the related therapeutic area. Indeed, 

 
20 Note that in our simulation exercises it is likely that entrants fall behind the frontier at the beginning, since 

for newborn firms we add a uniform shock between -5 and 2 to average quality, while for incumbents new to 

the market the draw is uniform between 1 and the quality frontier. Leaders, instead, enjoy an advantage and 

innovate cumulatively much more frequently due to their large size and accumulated knowledge (cf. Eq. 5). 

This aims to account for the cumulative nature of knowledge. Furthermore, the initial market share of the 

entrant is 𝑓𝑚𝑖𝑛 and the initial markup charged on its product is drawn from a uniform distribution with support 

4𝑚G=H, 𝑚78. 
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𝑃	

𝑅𝐷#3,$ = 𝑧𝐷ON𝑁𝑃$, with 𝑧	>	0. 

Similarly to firms' innovation process, within existing submarkets research by the public 

lab is assumed to be approximated by a two-step stochastic process. First, in each 

therapeutic area j in which the PRL is active, the national research lab is successful in 

innovating with probability 𝑝3,#		6 = 𝑝𝑚𝑎𝑥6 [1 − 𝑒5:1;%,)	I,!\, similarly to equation 6 in 

Section 2.3, while it is successful to enter in a therapeutic area that was already discovered 

by firms with probability 𝑝3,#		7 = 𝑝𝑚𝑎𝑥7 [1 − 𝑒5:5;%,)	I,!\ (similarly to equation 7). Second, 

the lab could focus on frontier, curiosity-driven research (Spector et al., 2018), such that it 

would keep the project only if it will be successful in innovating in a high-quality portion 

of the two-dimensional space. Otherwise, if the selected product is a low quality one, it 

will abandon the project. The selected product is drawn from a uniform distribution over 

the whole available space. The product will be kept if and only if its quality, defined as 

xS + yS, is above average quality in the respective submarket.21 

As regards unexplored therapeutic categories, at each time step t the lab enters a new 

one with probability 𝑝3,#		8 = 𝑝𝑚𝑎𝑥8 [1 − 𝑒5:6;%,)	I,!\, with j belonging to the set of 

therapeutic categories which the government is aware of but for which a cure does not 

exist yet (see also equation 8 in Section 2.3). Therefore, given the public R&D spending rule, 

the research lab enters with higher probability therapeutic categories that are more severe 

(weighted for the potential number of people affected by the disease). Similarly to firms, 

the initial product in the selected therapeutic category will be randomly drawn in the area 

spanned by [1, 𝑋𝑖𝑛𝑖𝑡]	and [1, 𝑌𝑖𝑛𝑖𝑡]. When the Public Research Lab makes a discovery, it 

publishes a scientific paper with a detailed description of the chemical compounds 

contained in the novel drug. We assume that when a discovery is made the signal is sent 

through the disclosure parameters in the model, as for expired patents (see Section 2.3). 

We assume that the public produces a small amount of goods (market share is minimal 

 
21 Therefore, although curiosity-driven research will allow the Public Research Lab to pursue high quality 

projects, innovation will also have a relatively higher probability of failure, given that lower-quality research 

projects are discarded. However, as this assumption is not necessary to have emergent higher quality of 

innovations discovered by the PRL, in our simulation exercises we avoid imposing this additional assumption. 
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and equal to 𝑓	𝑚𝑖𝑛) and sets a price that is constant in time and equal to 𝑝	𝑗	 = (1 + 𝑚𝑝)𝑢𝑐, 

with 𝑚𝑝	being a fixed low markup. Moreover, at every time step the government satisfies 

𝑞% of effective demand buying drugs for the national healthcare system.  

2.7.1 Scenario design 

We will explore scenarios with different degrees of public involvement in innovative 

activities, participation in the collection of rewards of innovation and demand 

management. Scenarios embody settings ranging from a fully private system, to a mixed 

system, all the way to scenarios in which the public undertakes most of the exploration and 

also the industrial "exploitation" of innovative knowledge. We will explore which systems 

produce the most favorable conditions, both in terms of innovation performance and 

societal welfare (more on the measurement of the latter in Section 2.8), considering 

heterogeneous therapeutic areas and demand settings, i.e. business-as-usual diseases, rare 

diseases, neglected diseases and emergencies (e.g. COVID-19 crisis). 

Scenario 1: Primarily private innovation system. 

This set of experiments aims at representing an innovation system in which the private 

sector has a predominant role. We first experiment with a counterfactual situation in which 

the public sector is completely absent (Experiment 1A), then turning to an experiment 

where the public sector is active and the PRL is not allowed to patent its innovations 

(Experiment 1B). The latter experiment will be our baseline when analyzing our simulation 

results in Section 3. 

Experiment 1A. This experiment embodies a counterfactual in which the public sector is 

switched off, i.e. a fully competitive setup. Indeed, innovation is only carried out by the 

private sector and demand is not sustained by the public actor. Markups evolve according 

to the rules sketched out in Section 2.5. 

Experiment 1B. In this experiment the public sector is active. This is our benchmark 

scenario. The government is spending in R&D and the Public Research Lab is innovating. 

However, public knowledge is assumed not to be patentable, and the public lab sends 

signals to firms through the scientific publication. The latter innovation can thus be freely 
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copied by private firms. This mimics the innovation system that was at place up to the 

1980s (Angell, 2005). 

Scenario 2: Mixed innovation system. 

This Scenario embodies the current rules of the game. This mixed innovation system 

features public spillovers to private firms’ innovation. Experiment 2A represents a situation 

in which the public makes the private pay for acquiring patents, while Experiment 2B 

represents an attempt to socialize the rewards of innovation, still within the current rules 

of the game. 

Experiment 2A. This experiment represents a patent system where the Public Research Lab 

patents innovations and sells the associated patents to firms. We assume that there is a 

fixed cost 𝐾	for acquiring a patent and that the firms buying the patent are randomly picked, 

and are expected to be equal to 𝑛𝑝, with larger probabilities associated to the largest firms in 

the industry (Arora et al., 2018).22 

Experiment 2B. This experiment embodies an alternative system, still within the prevailing 

rules of the game. In this experiment the public sells to firms the patent as in Experiment 

2A, but, instead of requiring a fixed cost, the government retains a share 𝜒	of the profit 

flow stemming from the innovation. This is an attempt to enhance the socialization of the 

rewards of innovation (Laplane and Mazzucato, 2020). However, in the latter design of the 

system, the government still has a limited role. 

Scenario 3: Public-oriented innovation system. 

This Scenario is aimed at analyzing a set of experiments introducing elements acting 

at the very foundations of the innovation system. In this Scenario the public sector has a 

fundamental role, also containing mark-ups charged by the private sector and sustaining 

demand in priority therapeutic areas, e.g. neglected and orphan markets (Experiment 

3A). Experiments 3B and 3C introduce more radical reforms to the patent system, i.e. 

requirements to not patenting specific strategic drugs (Experiment 3B) or innovation prizes 

 
22 More specifically, N independent Bernoulli trials are drawn, with probabilities being proportional to firm 

size, with a total expected number of successes equal to 𝑛/. 
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as a substitute of the patent system (Experiment 3C). 

Experiment 3A. In this experiment, while the public does not require from the acquiring 

firms (assumed to be 𝑛T, with larger probabilities to pick up the innovation the larger is 

the firm) a fixed cost, the government instead introduces a regulated fixed markup. The 

markup associated to firm 𝑖 acquiring the patent associated to the product developed by 

the public in submarket 𝑗	is thus 𝑚$
!,# = 𝑚T. Moreover, the government sustains demand 

in orphan markets, i.e. those in which the severity of the disease 𝐷̃ is high (in our simulation 

the highest one), and neglected markets, i.e. those in which the ratio between maximal 

actual demand (𝐷𝑚𝑎𝑥) and the number of potential patients (𝑁𝑃) is lowest, to capture the 

gap between effective and potential demand, thus mimicking contexts with low purchasing 

power. More specifically, the government fills the demand gap by sustaining the remaining 

demand necessary to cure all patients. 

Experiment 3B. This experiment embodies one of the "Dosi-Stiglitz" proposals (Dosi and 

Stiglitz, 2014). As in experiment 3A, the government imposes a fixed markup to the firms 

that acquire public innovations, and sustains demand in orphan and neglected markets. 

However, in markets sustained by extra public demand, the government also requires that 

firms freely make available their (not tacit) knowledge on the developed drugs, i.e. in those 

markets patents are not allowed. Moreover, the government imposes a cap on markups 

also in the latter markets. 

Experiment 3C. This experiment is equivalent to experiment 3B with the additional intro- 

duction of an innovation prize mechanism (Dosi and Stiglitz, 2014). Indeed, the first firm 

that enters a socially relevant therapeutic area (the most severe or the one with lowest 

effective demand-over-potential patients ratio) is granted the amount Prize by the 

government, as a reward. Subsequently, as a response to increased appropriability, firms 

increase their R&D intensity by 𝑒TU!V(. As a result, the new share of sales that are invested 

in R&D will be equal to 𝑠;%(1 + 𝑒TU!V(). This assumption mimics the strong incentives that 

could be at place in a prize system (Dosi and Stiglitz, 2014), with such incentives 

strengthened after observing the actual winning of the prize by firms. 
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2.8 Assessing societal welfare 

In order to assess the welfare gains and losses stemming from different configuration of 

the model (see also Section 2.7), we consider several indicators, such as: 𝑵𝑴𝑬,𝑵𝑴𝑬𝐃W£	and 

𝑵𝑴𝑬𝑵𝑷𝒋. 𝑵𝑴𝑬 is the relative (more on this under) cumulative number of new molecular 

entities (or new submarkets) discovered throughout the period, 𝑵𝑴𝑬𝐃W£ is the relative 

number of NME weighted for the severity of illnesses associated to the discovered 

submarkets, 𝑵𝑴𝑬𝑵𝑷𝒋 is the relative number of NME weighted for the diffusion of the 

associated disease. All variables assessing the welfare of society are in relative terms, i.e. 

in every experiment values are computed with respect to the benchmark case, which may 

be either the competitive baseline setup (experiment 1A) or the baseline that mimics the 

role of the public sector pre-1980s (experiment 1B). Indeed, we are interested in measuring 

welfare in relative terms in the different experiments, while we restrain from drawing any 

consideration on absolute levels. Note that our welfare assessment strategy consists in an 

evaluation of where R&D expenditures are more effective, while we are not considering the 

number of deaths, lowered productivity or lowered consumption due to illnesses. Results 

are therefore likely to be conservative. 

3 Results 

As routinely done in the agent-based models literature we simulate our model and 

analyze the results by means of Monte Carlo simulations, in this setting 100 runs (Fagiolo 

et al., 2019). We initialize the model with 100 identical firms and one public research lab 

randomly located in the first therapeutic area. We simulate the model for 100 time steps. 

Therapeutic areas’ heterogeneous characteristics are initialized and kept fixed across 

experiments, so that the scenario comparison is not influenced by varying initial 

therapeutic landscapes. 

Model parameters are calibrated using empirical data and evidence from the literature, 

when possible (see Dosi et al., 2023b, Section 3 for parameters that were already present 

in the previous version). In scenarios where the Public Research Lab and the government 

are active, we calibrate the share of demand being sustained by the government as 10% of 
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the total, as in Europe around 75% of the healthcare system is financed by the government, 

of which 16.7% is supplied by retailers and providers of medical goods (Eurostat 

healthcare expenditure statistics). This corresponds to the government buying 12.5% of 

retail drugs. As our perspective is global, and as in low-income countries governments 

sustain a lower share of demand, we slightly revise downward this estimate and set the 

share equal to 10%. Moreover, we impose the Public Research Lab’s R&D parameters, as 

to match the evidence according to which public laboratories are responsible for a large 

share of new drugs discovered. Indeed, between 1998 and 2007, universities discovered 

from 15% to 50% of new drugs depending on the classification and category, with an 

average of 24% (Kneller, 2010). In our baseline public simulation scenario, we obtain that 

the public sector discovers 29.65% of new therapeutic areas on average. See Table A.1 for 

the list of parameters and related values in this version of the model. 

In the next sections, we first evaluate the performance of the model both in our 

competitive baseline scenario and in our baseline configuration encompassing the public 

sector, by analyzing both a single run and 100 Monte Carlo runs (Sections 3.1 and 3.2). We 

also empirically validate both configurations of the model by assessing its ability to 

generate empirical regularities. Finally, we simulate and compare scenarios with varying 

degrees of public involvement in the innovation system (Section 3.3). 

3.1 The competitive setup 

Figure 1 shows the dynamics of key industry variables in a typical baseline run in the 

competitive setup (Scenario 1A in Section 2.7.1). The model reproduces growing industry 

sales and R&D, as a response to expanded demand opportunities. Moreover, prices rise,23 

as well as industry profitability. Innovation is endogenously increasing as well, with the 

number of discovered submarkets rising over time, and with an expanding number of 

products available to consumers. Naturally, public R&D and public demand are set to 

zero in this experiment (see Section 3.2 for a discussion on the role of the latter two 

variables when the public sector is activated). 

 
23 Note that by running the model for a longer time span (200 time steps) prices continue to rise. 
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Zooming into firm-level performance in different submarkets, Figure 2 shows the 

evolution of market shares in the industry in a typical run, both in the specific submarkets 

as they are discovered and in the global market. In line with the underlying replicator 

dynamics, the evolution of market shares features the emergence of an oligopolistic core 

of firms, coupled with the existence of firms with very low market shares both in the single 

submarkets and in the global market. The trends in Figure 1 and 2 are in line with the 

previous simplified version of the model (Dosi et al., 2023b). 

Let us now explore the ability of the model in reproducing the empirical regularities 

that characterize the pharmaceutical industry (Bottazzi et al., 2001; Bottazzi and Secchi, 

2005; Scherer, 2010; Malerba and Orsenigo, 2015). Table 1 shows that the model is 

successful in replicating several stylized facts on the industry (SF1-SF7), as its previous 

version (Dosi et al., 2023b), both in the competitive baseline setting and when introducing 

the public sector (more on the latter in Section 3.2). First, it replicates the historically 

increasing industry size, R&D and product variety, as well as emergent firm heterogeneity 

and the emergence of an oligopolistic core of leaders (SF1-SF3). It also replicates features 

of distributions of firm size and growth rates that are typically detected in empirical 

analyses, i.e. right- skewed distributions of firm size, fat-tailed distributions of firm 

growth rates, and serial correlation in firm growth rates (SF4-SF6). Finally, also this version 

of the model is able to reproduce a positive association between firm size and the number of 

submarkets in which firms operate (SF7).24  

 

 

 

 

 

 

 

 
24 For a more in depth discussion of the stylized facts on firms replicated by this model see Dosi et al. (2023b). 

Moreover, more detailed graphs and tables showing that also this version of the model is able to reproduce 

stylized facts SF1-SF7 are available upon request. 
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Figure 1: Baseline run in competitive setting (Scenario 1A): time series of main industry- 

level variables 

 

 

Figure 2: Baseline run in competitive setting (Scenario 1A): market shares in different 

submarkets  
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3.2 Introducing the public sector 

In this section we will assess the functioning of the industry when the Public Research Lab 

and the government are activated in the model (Scenario 1B in Section 2.7.1), and compare 

it to Scenario 1A in Section 3.1. Figure 3 shows the dynamics of key industry variables in 

a typical baseline run with the public sector. Although variable trends are similar to the 

ones in the competitive baseline setup, levels are higher in the public configuration 

(compare Figure 3 to Figure 1). Indeed, when the Public Research Lab is operating, 

innovation and demand opportunities are significantly amplified. The Public Research 

Lab discloses information (or in the case of drugs one could even talk about knowledge) on 

its innovations through scientific publications, which has significant spillovers on private 

firms. Accordingly, industry sales and R&D rise at a faster pace. In line with the competitive 

configuration, prices rise25 as well as industry profitability. The number of discovered 

submarkets and the number of products available to consumers are considerably higher 

compared to the competitive setup. Public R&D remains high and oscillates throughout 

the simulation, contributing to the discovery of new submarkets, while public demand, 

which mimics the purchase of drugs within the national healthcare system, increases as 

expected, being set in the baseline scenario as a fixed percentage of total demand. Finally, 

Figure 4 shows that the evolution of market shares in the industry in a typical run with the 

public sector, is also in this case in line with the underlying replicator dynamics. Despite 

(or partly thanks to) the public involvement in innovation, an oligopolistic core of firms 

emerges.  

What patterns emerge by looking at product quality within submarkets? Figure 5 

illustrates the quality of drugs (y-axis) discovered by both private firms and the Public 

Research Lab at the final time step, averaging over the 100 Monte Carlo runs. Each 

submarket is indicated on the x-axis. In several submarkets, public innovation exhibits a 

relatively high quality compared to innovations introduced by firms. This result is 

especially pronounced in the newly discovered (or frontier) therapeutic areas that are 

 
25 Also in this case, by running the model for a longer time span (200 time steps) prices continue to rise. 
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associated to severe and widespread diseases. This result emerges from the fact that the 

public invests more heavily in severe and more widespread diseases—irrespectively of the 

purchasing power of the affected population. Firms, instead, value expected effective 

demand when directing innovation, and set markups attributing weight to, and exploiting, 

the severity of the disease, the speed of saturation of demand and maximal effective 

demand when entering new submarkets, as well as to sales growth within submarkets. 

Figure 3: Baseline run in baseline public setting (Scenario 1B): time series of main industry- 

level variables 

 

Figure 4: Baseline run in baseline public setting (Scenario 1B): market shares in different 

submarkets 
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Figure 5: Average quality for public and private actors in submarkets (average across 100 

Monte Carlo runs, final time step) 

 

 

 

Table 1: Summary of stylized facts replicated by the model - 100 MC 
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quality of its innovations and in terms of maximal quality (SF8 in Table 1).26  The evidence is 

broadly in line with recent findings revealing that medicines originating in the academic 

setting were more likely to confer clinical benefit (Osipenko et al., 2023). Moreover, on 

average, the Public Research Lab is responsible for a relatively large share of innovations, 

both incremental ones (type A) and in terms of diversification into existing submarkets 

(type B). However, its role is particularly outstanding when we focus our analysis on 

radical discovery of drugs in new therapeutic areas (SF9 in Table 1). Indeed, the Public 

Research Lab discovers on average 29.65% of first cures available in new therapeutic areas. 

This is qualitatively in line with Kneller (2010), who finds that around 24% of the new drugs 

discovered in the United States in the period 1998–2007 came from public labs, and 

Osipenko et al. (2023), who find that around 27% of the medicines that entered the French 

market between 2008 and 2018 originated in the academic setting or in collaboration with 

the commercial sector. 27 

Finally, Figure 6 shows that model runs characterized by a larger degree of average 

severity in the discovered therapeutic areas are typically associated with a higher share of 

total R&D carried out by the Public Research Lab.28 Jointly with the evidence indicating that 

the public achieves high quality particularly in severe and newly discovered submarkets 

(cf. Figure 5), this already underlines that public innovation plays a crucial role in directing 

frontier innovation in strategic therapeutic areas. This property of the model is further 

investigated and validated in the next section (Section 3.3). 

 
26 The baseline scenario with the public sector also reproduces stylized facts SF1-SF7 in Table 1, and tables and 

figures may be provided upon request. 
27 Note that the latter two stylized facts in Table 1 (SF8-SF9) are also replicated in the other institutional settings 

experimented in Section 3.3.  
28 Note that, as therapeutic areas are initialized to be identical across experiments so as not to affect cross-

experiment comparisons, runs with the same number of discovered submarkets are characterized by the same 

average severity. For graphical clarity, Figure 6 therefore reports only unique realizations of average severity 

across the 100 MC runs. 
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Table 2: Comparison of Public Research Lab and the industry (on average), 100 MC. 

Comparisons are statistically significant at 1% level of significance. 

 

 

Figure 6: Public R&D and discovery in more severe therapeutic areas. 
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Table 4 compares several innovation measures, i.e. average number of innovations type 

A (within-submarket), B (jumps across submarkets) and C (discovery of new therapeutic 

areas), and welfare indicators, i.e. number of new molecular entities weighted by the 

severity of the associated diseases (𝑁𝑀𝐸DYN ) and number of new molecular entities 

weighted by the number of patients (𝑁𝑀𝐸C𝑁𝑃$), and average price per innovation, in the 

different simulated experiments. What clearly emerges from the table, even at first glance, 

is that all experiments with a public sector outperform the baseline competitive one 

(Baseline no public). 

Let us now analyze Table 4 in more detail. In line with what discussed in the previous 

sections, introducing an active role of the Public Research Lab and the government 

Table 3: Summary of experiments, from primarily private innovation systems (Baseline 

no public, Baseline public), to mixed innovation systems (Mixed), up to public oriented 

innovation system (Regulation, Dosi-Stiglitz, Prize). Role of the Public Research Lab (PRL), 

government regulation and additional public policies. 

 

a In an alternative version of the experiment (experiment 2B) the government retains a share of 
firms’ profit flows instead of collecting the cost 𝐾. 

 

significantly improves all innovation and welfare indicators. The table further shows that 

moving from our baseline public scenario to a mixed innovation system (experiment 2A) 

does not entail a significant improvement in the innovation and welfare indicators. Instead, 

patenting public innovation and selling patents to firms lowers both innovation and welfare 
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indicators, although with respect to the baseline public scenario only few are significantly 

different (see Table 5). Introducing regulation in markup setting—i.e., firms which acquire 

public innovations do not pay a cost as in the mixed framework, but are instead subject to a 

fixed low markup—and additional investments in strategic therapeutic areas (experiment 

3A), increases innovation and welfare with respect to the mixed setting.29 However, 

regulation alone is not able to counteract the limitation of opportunities due to the 

privatization of public knowledge, which is introduced when passing from Scenario 

"Baseline public" to "Mixed" (see also Table 5). In fact, the baseline public experiment entails 

a lower share of innovations blocked than in the Mixed and Regulation scenarios, as in the 

latter two firms patent innovations acquired from the public, thus blocking other firms’ 

innovative opportunities. 

Introducing the enforcement of public availability of knowledge related to both 

socially relevant diseases and innovations that the PRL grants to firms, as in experiment 

3B (Dosi-Stiglitz), significantly improves the performance of the system. Indeed, 

innovation rates surge and consumer welfare significantly improves both when weighting 

the number of NMEs available to consumers by the severity of the diseases associated to 

the discovered therapeutic areas and the number of patients.  Finally, prices per 

innovation are more than halved. Indeed, in experiment 3B markups are regulated also in 

socially relevant therapeutic areas, i.e. those characterized by high severity or low 

effective demand with respect to the number of potential patients, mimicking contexts 

with low purchasing power. 

Results for experiment 3C, which borrows assumptions from 3B, with the addition 

that a prize (calculated as a share of the firm's RDc) is granted to firms that first innovate 

in socially relevant therapeutic areas, are slightly stronger than for the previous 

experiment. Indeed, the winning of a monetary prize also increases firms' willingness to 

spend in R&D (through the parameter 𝑒TU!V() reinforcing the virtuous cycle introduced by 

a stronger involvement of the public sector. Surely, the comparison of magnitudes for 

experiments 3B and 3C in Table 4 depends on the parametrization of the prize and elasticity 

 
29 These results hold also in a robustness exercise in which we lower the level of the regulated markup (0.025 

instead of 0.05, see Table B.1).  
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of industry R&D after the winning of a prize. Indeed, when for example halving the two 

parameters (i.e., Prize = 0.025	𝑖𝑛𝑠𝑡𝑒𝑎𝑑	𝑜𝑓	0.5, 𝑒TU!V( = 0.05 instead of  0.1),  results are more 

similar to the Dosi-Stiglitz (3B) experiment (see Table B.1). It, thus, remains an open 

empirical question what value and precise design of a prize would spur R&D intensity the 

most. 

Figure 7 focuses on the innovation type C indicator (number of new molecular entities) 

discovered in the different experiments and is consistent with the discussion above: again, 

it is clearly visible that the Dosi-Stiglitz and Prize experiments allow to have access to a 

wider range of cures, as the average number of discovered therapeutic areas is larger. The 

massive improvements in innovation and welfare outcomes of experiments 3B and 3C are 

partially the result of the following two underlying factors: in both experiments (i) the 

share of innovations blocked is around 30% lower than in the competitive setting, primarily 

thanks to the patent waiver in socially strategic areas (high severity or low purchasing 

power); (ii) innovation in severe submarkets doubles with respect to the competitive frame- 

work. Note also that in terms of profitability for private firms, the Dosi-Stiglitz experiment 

yields an average profitability (defined as profits over sales) which is not statistically 

different compared to the competitive setup, and the Prize experiment results in an 

average profitability that is 7% lower compared to the competitive setup. This is due to the 

fact that more stringent public regulation is counterbalanced by higher rates of innovation, 

which does not substantially harm firms’ profits. Moreover, public R&D crowds in private 

firms’ R&D (Figure B.1 in Appendix B), further sustaining firms’ innovative activity—in 

line with Azoulay et al. (2019) showing that public funding increases private-sector 

innovation outcomes in the pharmaceutical sector, as well as evidence from other sectors 

(Pallante et al. 2023).   

After having acknowledged the superiority of the scenarios embedding an active Public 

Research Lab and government with respect to the competitive setting (Baseline no public) 

both in terms of innovation and welfare, we will hereby assess differences across public 

scenarios in terms of public costs. Table 5 is the equivalent of Table 4, but with indicators 

calculated with respect to the "Baseline public" scenario instead of the "Baseline no public" 

one. It is again clearly visible how the competitive setting is performing worse, while the 
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only scenarios significantly outperforming all the other are experiments 3B (Dosi-Stiglitz) 

and 3C (Prize), embedding features along the proposals by Dosi and Stiglitz (2014). 

In terms of costs,  Table 5 allows us to appreciate the difference in terms of average public 

costs  (𝐶3, i.e. the sum of R&D costs and expenses associated to the purchase of drugs by the 

national healthcare system, net of public revenues associated to the discovery of products) 

and public costs per NME weighted by severity and potential patients, i.e. costs divided by 

the number of discovered NMEs weighted for total severity and total patients ( 
8I

2ZD∑%!∑23!
) 

for scenarios with a varying extent of public involvement. By considering average public 

costs, in addition to the competitive setting surely being much cheaper, we can notice that the 

mixed (2A) institutional setting is not able to significantly lower costs. Even a modification of 

experiment 2A, in which the government retains a share of firms' profits (experiment 2B, see 

Table B.1), does not allow to significantly lower costs.30 Naturally, in the more public-

oriented scenarios public costs also significantly increase in absolute terms. However, 

when we weight costs by NMEs, severity and diffusion, costs are much lower with respect 

to the baseline scenario, even if the high variability across Monte Carlo runs and scenarios 

yield non-significant comparisons. 

Concluding the section, this set of experiments proves the crucial role of a stronger 

involvement of the public sector in directing search and opportunities. Indeed, the public 

sector is able to contribute to higher innovation rates and social welfare, particularly 

directing search in strategic therapeutic areas that would be neglected without a strong 

public engagement. Furthermore, the experiments show the nonlinear impact of public 

involvement on innovation and welfare: introducing the public sector has huge impact 

(from experiment 1A to 1B); however, patenting of public innovation and acquisition of it 

by firms by payment of a cost, within the current rules of the game, imply no significant 

improvement in the system’s performance (2A and a variation of it in 2B), if not a slight 

worsening; even imposing a regulated markup on acquired innovations (experiment 3A) 

and injecting more demand in socially relevant therapeutic areas is not sufficient to 

 
30 Surely, the higher the share of retained profits (or the higher the fixed cost firms have to pay to the public), 

the more the public could potentially save in terms of costs, but this would still fall within the current rules of 

the game, and would hardly have large impacts on the dynamics of the simulated industry. 
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counterbalance the limiting effect on opportunities arising from the privatization of public 

innovation; instead, a more encompassing public involvement in steering the direction of 

innovation entails great improvements in innovation and welfare performance (3B and 3C). 

 

Table 4: Innovation and welfare with respect to competitive setting (Baseline no public, 

Scenario 1A). Average number of innovations, type A (within-submarket), B (jumps across 

submarkets) and C (discovery of new therapeutic areas). Welfare indicators: number 

of new molecular entities weighted by severity of the associated diseases (𝑵𝑴𝑬𝑫\£ 	) and 

number of new molecular entities weighted by the number of patients (NME𝑗	NP𝑗). Price 

is calculated as average price per innovation. 100 Monte Carlo runs. 

 

 

Figure 7: Discovery of new molecular entities (innovation type C) across scenarios (100 

Monte Carlo runs); average and 95% level of significance confidence bands. 
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Table 5: Innovation and welfare with respect to Baseline public setting (Scenario 1B). Average 

number of innovations, type A (within-submarket), B (jumps across submarkets) and C (discovery 

of new therapeutic areas). Welfare indicators: number of new molecular entities weighted by 

severity of the associated diseases (𝑵𝑴𝑬𝑫\£) and number of new molecular entities weighted by 

the number of patients (𝑵𝑴𝑬𝒋𝑵𝑷𝒋) , average public costs (𝐶3) and public costs per NME 

weighted for total severity and total patients (𝐶3E = 8I
2ZD ∑%!∑23!

). Price is calculated as average 

price per innovation. 100 Monte Carlo runs. 

 

 
 

4 Conclusions 

In this work we have extended the model by Dosi et al. (2023b) with the introduction of a Public 

Research Lab investing in R&D and innovating, as well as a government sustaining demand. 

Crucially, this version embeds heterogeneous therapeutic areas characterized by varying degrees 

of severity, different numbers of potential patients, speed of diffusion of diseases and population 

purchasing power. 

We hereby summarize our findings. First, the Public Research Lab contributes to considerably 

move forward the knowledge base and the related technological opportunities. Second, the 

experiments show the nonlinear impact of public involvement on innovation and welfare. Indeed, 

introducing the public sector has huge impact. Instead, marginal twists in the public involvement 

(mixed innovation systems), within the current rules of the game, although potentially allowing 

for the generation of some public revenues, imply no significant improvement in societal welfare. 

Finally, a more encompassing public involvement in steering the direction of innovation (public-

oriented innovation system, à la Dosi and Stiglitz, 2014) entails great improvements in welfare by 

spurring innovation and containing prices, and, even more important, by directing innovative 
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search into social priority domains. 

Future versions of the model could enrich the representation of purchasing power and income 

distribution. Indeed, the functioning of the pharmaceutical sector and the degree of public 

involvement significantly influence low-income consumers’ access to vital drugs. Although this 

work represents a preliminary attempt to incorporate purchasing power in the picture, much work 

remains to be done. Moreover, detailing the modelling of the different phases of drug discovery, 

development and commercialization would enrich the analysis and further underscore the 

importance of public involvement in all the phases of innovation and drug lifecycle. 
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Appendix A Benchmark parametrization 

Table A.1: Parameters 
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Appendix B  Details on experiments 
 

Table B.1: Average number of innovations, type A (within-submarket), B (jumps across submarkets) and C 

(discovery of new therapeutic areas). Welfare indicators: number of new molecular entities weighted by severity of 

the associated diseases (𝑵𝑴𝑬𝑫J>) and number of new molecular entities weighted by the number of patients (𝑵𝑴𝑬𝒋𝑵𝑷𝒋), 

average public costs (𝐶F) and public costs per NME weighted for total severity and total patients (𝐶FL = M%
NOP ∑." ∑NF"). 

Price is calculated as average price per innovation. 100 Monte Carlo runs. In experiment 2B (Profits retained) we modify 

the Mixed experiment by substituting the fixed cost for patent acquisition by a firm from the Public Research Lab, with 

the retaining of a share of profits of the firm. In experiment 3A (Regulation-Robustness) we impose a lower markup as 

the fixed one used by the public firm and for patent acquisition by the public (0.025 instead of 0.05). In experiment 3C 

(Prize-Robustness) we use lower values for 𝑒/R=SE	and Prize (0.05 instead of 0.1 and 0.25 instead of 0.5, respectively). 

 

 
 

 

 

Figure B.1: Average firm R&D per unit of public R&D across experiments 
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Table B.2: Summary of experiments. Primarily private innovation systems (Experiments 1A-1B), Mixed innovation systems (2A-2B), Public oriented 

innovation system (3A, 3B, 3C). Role of the Public Research Lab (PRL); Government regulation; Additional public policies. 

 


