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Abstract: Preliminary evidence on the long-run trajectory of the accelerator industry suggests that it might have reached the ma-

turity phase of its cycle. If this is the case, how can we measure the benefits an uncertain breakthrough in acceleration technology?

Who are the main stakeholders interested by such breakthrough? We identify these subjects and sketch some avenues for answering

these questions. We thus present a model for the social Cost-Benefit Analysis (CBA) of research infrastructures and illustrate the

results of its implementation for assessing the benefits of accelerators in basic science (LHC) and hadrontherapy. Lastly, we move

from the social CBA of single research infrastructures to the modeling a major change in the accelerator technology and hence in

the industry. A research agenda on the potential impacts of a technological breakthrough is presented.

Key Words: particle accelerator; technological breakthrough; cost–benefit analysis, Delphi
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Highlights:

• The accelerator industry has probably entered in the declining growth rate portion of an

S-shaped trajectory.

• This is a symptom of maturity of the technology that may lead to a radical innovation.

• The impact of such a breakthrough can be quantitatively assessed with a social cost-

benefit analysis, supported by demand and technological forecasts.
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1 Introduction

The technology underlying particle accelerators has been evolving for more than a century since

the first experiments at the Cavendish Laboratory in Cambridge (Panofsky, 1997). Through

time they have found several applications beyond basic research, from medical to industrial

uses. Nowadays, probably more than 40,000 accelerators are operated (Chernyaev and Varzar,

2014), from the Mev– to the Tev–energy scale, from the meter to the kilometer-length, and

from the thousands to the billions Euro cost range.

While new giant machines based on the evolution of existing technology are under study

(Shiltsev, 2014), such as the Future Circular Collider or the International Linear Collider, new

concepts are explored for smaller and less costly machines. One example is plasma wakefield

acceleration, with experimentation currently going on in several major laboratories, such as

those involved in the EUPraxia project (http://www.eupraxia-project.eu), in the AWAKE

collaboration at CERN (Caldwell et al., 2016) and in different projects in the US (Colby and

Len, 2016). There are several other competing ideas for advanced accelerators and it is still

uncertain when and which new technology will become available. In any case, such technological

breakthrough would probably have the feature of radical innovation, typically associated to

contagion effects in different fields of application (Ahuja and Curba, 2001; Dahlin and Behrens,

2005).

Our research question is the following: “How can we measure the benefits to different social

stakeholders of an uncertain breakthrough innovation in acceleration technology?” We show

that there are symptoms that the accelerator industry has entered into the maturity phase of

its cycle; we thus sketch a methodological approach and a research agenda for assessing the

benefits and identifying the stakeholders of a technological breakthrough in the “accelerator

business”. The structure of the paper is as follows: Section 2 reviews some evidence on the

trajectory of the accelerator industry; Section 3 presents a simple social cost-benefit analysis

(CBA) model and the results of its application to the analysis of accelerators in science and

medicine; Section 4 discusses complications posed by shifting from the social CBA of individual

accelerators to that of a major change in the technology and in the industry; Section 5 proposes

a research agenda and concludes.
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2 The accelerator industry trajectory

According to Sessler and Wilson (2014) over 24,000 accelerators have been built worldwide in

the last 60 years (i.e. approximately 1950–2010): less than 1% of them is devoted to basic

research in physics, about 80% are used in industry, while the rest for medical and other

applications (See also American Physical Society (2013)). Chernyaev and Varzar (2014) review

the literature on the accelerator business and based on a meta–data analysis, forecast that as

of 2014 there were 42,200 accelerators worldwide: 27,000 (64%) in industry, 14,000 (33%) for

medical purposes and 1,200 (3%) for basic research.1

Hamm and Hamm (2012) claim that 11,000 accelerators are used in medical applications

and focus on industrial accelerators; they suggest that since their useful lifespan is 20–40 years,

more than 75% of the 24,000 particle accelerators built over the 1950–2010 period are still

operational.2. They also report that over 70 companies and institutes produce accelerators for

industrial applications; these organizations sell more than 1,100 industrial systems per year —

almost twice the number produced for research or medical therapy — at a market value of

$2.2B, of which over $1B is generated by the annual sales of accelerators for ion implantation

into materials, primarily semiconductor devices, whose worldwide value of production is about

$300B.

There are some key variables that can be used to produce scenarios about the future

evolution of the accelerator industry. Epidemiological studies can be exploited to extrapolate

long–term trends of accelerator sales to hospitals. Socio–demographic factors are another key

information: in fact, in low– and middle–income countries the access to radiotherapy is currently

limited, hence the income growth in these countries will boost the demand of accelerators for

medicine. The decay of the existing stock of accelerators is an additional demand driver, given

the heterogeneity in the life–cycles of the machines currently in use. For instance, while in the

EU most machines used for radiotherapy are modern linacs, in Eastern Europe and Asia two

thirds of the machines are older Cobalt–60 units that will be probably replaced in the future.3

Similarly, scenarios for industrial applications, such as ion implantation in the semiconductor

1These figures exclude electron microscopes and x–ray tubes, and the security and defense industries
2For a detailed description of the categories of particle accelerators included in their analysis. See Hamm

and Hamm (2012) p. 1.
3Up–to–date information about particle accelerators in medicine can be found in the Directory of Radiother-

apy Centres (DIRAC) register maintained by International Atomic Energy Agency.
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industry, may lead to demand forecasts.

As a preliminary step to extrapolate the future trajectories of the accelerator business,

Figure 1 plots the data provided by Chernyaev and Varzar (2014) on the cumulated count

of accelerators worldwide by field of application. As we can see, the average yearly growth

rate is respectively 1%, 9%, 6% for science, medicine and industry, thus suggesting a great

variability across fields of application. Accelerators in science feature a growth process that is

well approximated by linear function. Shiltsev (2014), states that the world’s particle physics

research budget is currently about $3B per year and is not expected to vary much in the

future. On the contrary, the growth dynamics of accelerators in industry and medicine is

highly nonlinear.

[Figure 1 about here]

As a second step, we suggest that the count data dynamics of the total number of accel-

erators worldwide is well approximated by an “S–shaped” time curve. This type of curves has

a long tradition in statistics and are widely used biology, demography and economics (Florio

and Colautti, 2005; Geroski, 2000). In innovation studies S–shaped curves describe how the

adoption of a new technology evolves over time: diffusion rates first rise and then drop over

time, giving rise to a period of very rapid diffusion preceded by a slow take–off and followed in

late periods by slow convergence to satiation and decline (Rogers, 2003; Rotolo et al., 2015).

The logistic function, is a leading example of an “S–shaped” time trend used to represent such

pattern.4

[Figure 2 about here]

Figure 2 relies on this function to estimate an S–shaped time trend that fits the data on

the total number of accelerators and extrapolate possible trajectories up to 2050. Since the

upper asymptote of the logistic function represents the steady-state size of the market which is

4The logistic function arises as a solution of a first order non–linear differential equation of the form d
dxf (x) =

f (x) [1 − f (x)] with boundary condition f(0) = 1/2. It implies that the growth over time of x (such as a
population or the stock of innovations) is a self–limiting process. Its use in economics dates back at least to
Griliches (1957); Geroski (2000) presents details about models of technology diffusion. While there are different
parametrizations of the logistic function, we rely on the following. Let y(t) be the number of users of a technology
at time t, let N be the size of the market (i.e. the maximum number of users) and let t0 be number of users
when half of the total demand has been satisfied, then the logistic function can be written as: y(t) = 1

1+e−δ(t−t0) .
The parameter δ > 0 determines the steepness of the resulting S–shaped curve.
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unknown, instead of estimating a ceiling parameter, we have drawn four curves that differ in the

assumption regarding such value. If the number of accelerators available in 2014 represents 60%

of potential demand, then the 95% of market would be supplied by 2046. On the other hand,

if the 2014 value is equivalent to 90% of potential demand, in 2032 95% of the demand would

be satisfied. Visual inspection suggests that the industry will reach maturity in the next 15–30

years. We know from earlier literature (Utterback, 1974) that a technological breakthrough is

likely at this stage, as it is the only way to change the convergence to a steady state. Figure 2

is somehow related with the so–called Livingston plot that shows how the laboratory energy of

the particle beams produced by accelerators has increased through time (Panofsky, 1997). The

Livingstone plot is a useful and well appreciated device that illustrates that the key driver of

accelerators’ energy increase is a succession of new technologies, rather than the improvement

or further development of existing machines. The question is: “how can analyse the impact of

such likely, albeit highly uncertain, innovation?”

3 Social cost–benefit analysis and two case studies

Social Cost–Benefit Analysis (CBA, hereafter) can provide a conceptual framework to quantify

the impact of a technological breakthrough. CBA has been routinely used by governments and

international organizations to evaluate the net benefits of investment projects (Florio, 2014;

Johansson and Kriström, 2016). More recently, the European Commision has included for the

first time a chapter on the evaluation of research infrastructures (RI) in its reference guide for

funding major projects under the EU Structural Funds, now in its fifth edition. See EC (2014).

In fact, a positive social CBA evaluation is required for co–financing major projects with the

European Regional Development Fund and the Cohesion Fund.5 Moreover, the draft “Horizon

2020 – Work Programme 2018–2020. European research infrastructures ” (EC, 2017, p. 9)

mentions that the preparatory phase of new ESFRI projects (www.esfri.eu) should include a

CBA and refers to EC (2014). A CBA model for the evaluation of RI, recently proposed by

5According to Article 100 of EU Regulation No 1303/2013, a major project is an investment operation
comprising “a series of works, activities or services intended to accomplish an indivisible task of a precise
economic and technical nature which has clearly identified goals and for which the total eligible cost exceeds
EUR 50 million.”
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Florio and Sirtori (2016), can be written as:

E (NPVRI) = E [NPVu + PVBn ]

= E [(PVBu − PVEC) + PVBn ] (1)

where NPVRI is the Net Present Value (NPV) of the RI that is defined as the sum of the NPV

for users of the infrastructure (NPVu, or net use–benefits) and the present value for “non–users”

(PVBn , or non–use benefits). The latter term encompasses both possible benefits that might

derive in the future from the RI and the “public good value” new scientific knowledge. Equation

(1) uses the fact that net use–benefits are defined as difference between between the present

economic value of benefits for users of the RI (PVBu) and the present value of its economic

costs (PVEC). All variables are “present values” in that their future and past values have been

converted in the same unit of measure — the monetary value in a given base year — using

a given social discount rate and aggregated over the time horizon of the CBA (Florio, 2014;

Johansson and Kriström, 2016, for details). Lastly, we note that all variables are stochastic

and hence E (·) denotes the expect value conditional on their probability density function.6

Net use–benefits of a RI can be decomposed in the sum of benefits to different stakeholders:

the value of academic publications for scientists (S), technological spillovers for collaborating

firms and other economic agents (T ), human capital accumulation for early career researchers

(H), cultural effects for the general public (C) and other users’ benefits of applied research (A).

Similarly, economic costs can be broken–down into investment and operating costs (TC) and

any negative externality (E, e.g. pollution). It is thus apparent that a social CBA is completely

different from the financial appraisal of a project. Therefore, equation (1) becomes:

E (NPVRI) = E [(S + T + H + C + A) − (TC + E) + PVBn ] (2)

This model has been implemented in two recent studies assessing the social benefits of

accelerators in science and medicine: the Large Hadron Collider (LHC) at CERN (Florio et al.,

2016) and the National Centre of Oncological Hadrontherapy (CNAO) in Pavia, Italy (Bat-

6Since variables might not independent, we cannot simplify the equation further and write the right–hand
side as the sum of expected values.
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tistoni et al., 2016). A summary of these analyses appears in Figure 3. Both projects yield

E (NPVRI) > 0 and hence successfully pass the CBA test, albeit with different probabilities.

The composition of total benefits is also different. For CERN, 33% of the total benefit is due

to improved career opportunities for former students and researchers (H) and 33% of the total

is associated with technological spillovers (T ), while the lion’s share of CNAO’s benefits are

not surprisingly due to health benefits for patients (A), that represent 97% of the total.

4 From individual accelerators to the industry

We now move from a CBA model for a single RI to a model for the industry. Figure 4

represents a sketch of the market for accelerators. In each panel the horizontal axis represents

the (standardized) quantity of accelerators produced and purchased per year, while the marginal

willingness to pay of acquirers (e.g. hospitals, industry, universities etc) and the price required

by producers appears on the vertical axis. The latter reflects marginal costs including R&D

for the new technologies. The starting point is panel (a) where the market is at equilibrium

point A0. When the equilibrium price is p0 and the equilibrium quantity is q0, we identify the

consumer surplus with the hatched area and the producer surplus with the shaded area, while

we use term “economic surplus” to indicate their sum (Boulding, 1945). The consumer surplus

is given by the difference between the maximum price a consumer is willing to pay and the

equilibrium price p0. It can be represented as:

CS0 =

∫ q0

0

D0 (q) − p0q0 (3)

Similarly, the producer surplus is the additional private benefit to firms, in terms of profits,

when the market price is greater than the minimum price at which they are be willing to sell:

PS0 = p0q0 −
∫ q0

0

S0 (q) (4)

Figure 3(b) shows the impact of a technological breakthrough due to the appearance of a new

generation of accelerators produced at a lower unit cost (upon a standardized measure of their

performance) and hence sold at a lower price: the new equilibrium is at point A1, with a lower
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price p1 and a higher quantity q1. The hatched and shaded areas now represent the change in

consumer and producer surplus, respectively: a technological breakthrough yields an increase

in economic surplus for the whole society. These first–round effects are however just a share

of the total increase in benefits due to the new technology. In fact, there are some additional

effects to third parties because more accelerators are now available (∆q). This leads to the

following equation for a technology breakthrough (TB):

E (NPVTB) = E (∆CS + ∆PS + ∆PVBn − PVR)

= E (∆CS + ∆PS + ∆S + ∆H + ∆T + ∆C + ∆A− PVR) (5)

where ∆ is the difference operator, such that for a generic variable Y : ∆Y = Y1−Y0. Notice that

now we omit the non–use benefit (PVBn) because it is related to new scientific discoveries, not to

technological progress, but subtract the present value of pre–commercial research expenditure

(PVR) financed mostly with public funds. This is the total amount of funds supporting scientific

and technological research on advanced accelerator concepts, before firms start allocating part

of their R&D expenditure to produce accelerators for the market. Benefits Effects on scientific

knowledge creation (S) through the increased availability at a lower cost of experimental data

(the counterfactual scenario here is the investment and operating costs needed to generate

the same data with the existing technologies or their development along the same trajectory).

b. Effects on human capital (H): PhD students and post-doc fellows in laboratories equipped

with the new technology not only benefit from training, but might also improve their career

opportunities and hence their long-term salary; the counterfactual is given by a lower number

of students able to access research accelerators (particularly in less developed economies) c.

Learning spillovers for firms (T) arising because of the need to solve new problems, potentially

creating new products and processes, or learning-by-doing effects because of the increased

production scale. d. Cultural effects (C) of easier outreach made possible by smaller, less

costly experimental equipment and possibly some generic effects on the general public. e.

Incremental benefits to final consumers (A), for example for patients because of the larger

availability of radiotherapy in less developed economies, etc.
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5 Discussion and a research agenda

A possible research agenda on the socio–economic impacts of a breakthrough in accelerator

technology is based on the model in Equation (5) and involves three steps: (i) a long-term fore-

cast of the global demand for particle accelerators; (ii) a scenario analysis of the technological

change; (iii) the assessment of the potential socio–economic benefits of the transition to new

technologies to different stakeholders. We briefly discuss each of these steps.

(i) Demand scenario analysis. More detailed data about supply– and demand–side drivers

can be used to improve the scenarios in Figure 2; this entails breaking down the study into

areas of application. Two main demand curves should be predicted: that for accelerators

for medical applications and that for accelerators for industrial and non–medical services. A

finer grain analysis of the socio–economic effects should focus also on some key segments,

such as ion implantation on semiconductor devices or cancer therapy. Then price elasticities

should be estimated to make the model sketched in Figure 4 operational: this would allow to

estimate different demand curves and hence first round effects of price changes triggered by a

technological change.

(ii) Technological forecasting analysis. Colby and Len (2016) report that a series of consulta-

tions among key proponents of different advanced accelerator concepts has delivered broad–view

roadmaps to an e+e collider operating by about 2040 and more detailed roadmaps covering inter-

mediate steps over the next decade. A judgmental forecasting exercise seems thus appropriate

in this context: this approach is based on gathering an international panel of experts and elicit

their views of about likely future scenarios.7 This information is used to estimate the probabil-

ity distribution function of different technological scenarios, conditional to existing information

(Chang et al., 2002; Önkal et al., 2013). The Delphi method involves multi-round forecasting

challenges where experts provide initial forecasts and then adjust their initial guesses based on

feedbacks they receive.8 This process is iterated until a satisfactory level of consensus is reached

and final forecasts are constructed from the aggregation of individual forecasts. A particularly

7See Shiltsev (2014) for an alternative approach.
8The Delphi method was developed at the RAND Corporation in the 1950’s for predicting bombing require-

ments in a cold–war conflict with the USSR (Dalkey and Helmer, 1963). Surveys of the Delphi method are
provided by de Loë et al. (2016), Rowe (2007) and Rowe and Wright (1999), while Lawrence et al. (2006) review
the judgmental approach.
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interesting contribution, that well illustrates our proposal, is Da Silveira Junior et al. (2017)

who apply the Delphi method to the design a technology roadmap.

(ii) Assessing socio–economic net benefits. Combining demand and technological scenarios

(i) and (ii) a CBA can be implemented through the empirical estimation of Equation (5).

Potential net socio–economic benefits are driven by the difference between the cost trajectory

of the current technologies and the cost trajectory of the new technologies, plus the additional

benefits beyond direct incremental effects for producers and consumers. These are:

• Effects on scientific knowledge creation (∆S): the increased availability at a lower cost of

experimental data (the counterfactual scenario here is the investment and operating costs

needed to generate the same data with the existing technologies or their development

along the same trajectory).

• Effects on human capital (∆H): PhD students and post–doc fellows in laboratories

equipped with the new technology not only benefit from training, but might also im-

prove their career opportunities and hence their long–term salary; the counterfactual is

given by a lower number of students able to access research accelerators (particularly in

less developed economies)

• Learning spillovers for firms (∆T ): arising because of the need to solve new problems,

potentially creating new products and processes, or learning–by–doing effects because of

the increased production scale.

• Cultural effects (∆C): due to the easier outreach made possible by smaller, less costly

experimental equipment and possibly some generic effects on the general public.

• Incremental benefits to final consumers (∆A): for example, for patients because of in-

creased availability of radiotherapy in less developed economies.

These benefits are quantitatively represented by the expected net present value of the

difference between the two combined demand–technological scenarios (current trajectory versus

breakthrough), over a suitable long–term horizon, perhaps around 50 years from now, given a

social discount rate. The European Commission, (EC) (2014) suggests a 3% social discount

rate, which implies that a benefit of one Euro occurring at year 50 is valued just 1/(1 + 0.03)50.
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Given the uncertainty surrounding both the demand drivers and the cost reductions over such

a long-time span, several variables in the forecasting model should be treated as stochastic and

the final result should be expressed in the form of a conditional probability distribution of the

NPV. A further complication is due to the uncertainty surrounding the time horizon of the

analysis (Florio and Sirtori, 2016).

Our analysis suggests that the industry has entered the declining growth rate portion of

an S–shaped trajectory. This is a symptom of maturity of the technology, as observed in

many other sectors. In this situation, reliable early detection of the emergence of breakthrough

acceleration science and the forecast of the highly uncertain benefits it could generate is key

for trying to attract governmental funds to research.
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Figures & Tables

Figure 1: Number of accelerators in the world: total and by field of application, 1968-2014
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Notes: authors’ calculation based on data from Table 1 in Chernyaev and Varzar (2014). Lines represent the cubic spline inter-
polation of the original data that are provided only for selected years denoted with symbols. The legend of each graph shows the

Compound Annual Growth Rate (CAGR) calculated as: CAGR = (XT /X0)1/T − 1.
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Figure 2: Number of accelerators in the world: scenarios for the 2015-2050 period

1970 1980 1990 2000 2010 2020 2030 2040 2050

0 

10

20

30

40

50

60

70

A
cc

el
er

at
or

s 
(#

 1
00

0)

data
60% in 2014 - 95% in 2046 (MAPE = 21.6%)
70% in 2014 - 95% in 2041 (MAPE = 23.3%)
80% in 2014 - 95% in 2036 (MAPE = 25.2%)
90% in 2014 - 95% in 2032 (MAPE = 27.4%)
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nonlinear regression based on the logistic function of the total number of accelerators on a constant and a time trend. The legend
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reaches 95%. The legend also shows the Mean Absolute Percent Error (MAPE) calculated over the 1968–2014 period; in–sample
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Figure 3: Social CBA of the LHC & the National Centre of Oncological Hadrontherapy
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(a) NPVLHC - Empirical CDF (b) LHC - Benefits
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(c) NPVCNAO - Empirical CDF (d) CNAO - Benefits

Notes: Panel (a) and (b) adapted from Florio et al. (2016), while panel (c) and (d) are adapted from Battistoni et al. (2016). Panel
(a) and (c) show the empirical cumulative density function of the NPV of LHC and CNAO, based on Monte Carlo simulations.
Figures in panel (b) and (d) show the share of the benefits for each category of stakeholder, namely: the value of academic
publications (S), technological spillovers (T ), human capital (H), cultural effects (C), other users’ benefits of applied research (A)
and non–use benefits (PVBn ). In Panel (b) PVBn represents the existence value of LHC, while in Panel (d) A encompasses both
health benefits for patients (95.1%) and benefits for users of the experimental beam (2.2%).
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Figure 4: Socio-economic impacts of a breakthrough technological change in the physics of
accelerators
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(a) Initial equilibrium
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(b) Post–breakthrough equilibrium

Notes: panel (a) shows the market equilibrium, consumer surplus (CS, area with diagonal lines) and producer surplus (PS, shaded
area) before the technological breakthrough. Panel (b) shows the increase in consumer surplus (∆CS, area with diagonal lines) and
producer surplus (∆PS, shaded area) after the breakthrough. ∆q is the quantity effect that in turns generates the secondary effects
in equation (5). These are: the value of academic publications for scientists (∆S), technological spillovers for collaborating firms
and other economic agents (∆T ), human capital accumulation for early career researchers (∆H), cultural effects for the general
public (∆C) and other users’ benefits of applied research (∆A).
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