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Abstract

Between 1954 and 1998, the tobacco industry funded more than 1,900 research

projects at a total cost of $355 million, on topics such as the roles of heredity and

nutrition in cancer. Even though legitimate, this research was intended to divert

attention from the harmful effects of tobacco. We provide the first formal analysis

of such diversion research. We show that special interests may have strong incentives

to affect the scientific agenda, even when the research itself is unbiased. This form

of scientific lobbying yields large welfare losses and raises concerns about the private

funding of research.
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1 Introduction

In the second half of the 20th century, the tobacco industry was an important private fun-

der of academic research. From corporate documents disclosed following the tobacco master

settlement agreement, we know that between 1954 and 1998, the industry funded more than

1,900 research projects at a total cost of $355 million via two grant-allocating institutions,

the Council for Tobacco Research (CTR) and the Council for Indoor Air Research (CIAR).1

This research had two interesting characteristics. First, it had all the markings of legitimate,

high-quality academic research. The top three institutional beneficiaries of these grants were

Harvard, Johns Hopkins, and Columbia and six CTR grantees eventually received a Nobel

prize in medicine. Second, most of the subsidized projects had nothing to do with tobacco

and its impact on health.2 For example, in 1984, the CTR funded project n.1687R1 by

future Nobel prize winner Harold Varmus at the University of California, San Francisco on

“functional analysis of cellular oncogenes activated during tumorigenesis”.3

Why would the tobacco industry subsidize Nobel-related research on the genetic mecha-

nisms involved in cancer? According to historian of science Robert Proctor:

“The Council for Tobacco Research is best thought of as an elaborate engine of dis-

traction, a mechanism for blowing smoke. The whole point was to sponsor decoy research,

whose hope-for impact would be to draw attention away from cigarettes as a cause of harms.”,

Proctor (2011), p.263.

This kind of diversion research is not limited to tobacco. There are many examples of

privately-funded, legitimate research, whose purpose seems to be to divert attention from

the negative impacts of, e.g., sugar, pesticides, and climate change on health and on the

1These documents are accessible at https://www.industrydocuments.ucsf.edu/. They notably con-
tain the yearly CTR and CIAR reports, from which we computed these numbers. Proctor (2011) documents
all the actions taken by the industry to manufacture doubt and to avoid or delay regulation. He estimates
that these efforts led to excess consumption of over 8,000 billion cigarettes, resulting in 8 million premature
deaths, in the United States alone.

2We classify a research project as related to tobacco if its title includes: tobacco, cigarette, cigar, pipe,
snuff, smoker, secondhand smoke, ETS, smoking, nicotine, nicotinic or nicotinia. More than 70% of industry-
funded research projects are not related to tobacco, and many of those that are tobacco related do not study
its negative impacts.

3From confidential corporate documents, we know that the CTR prioritized six areas for research: hered-
ity, infection, nutrition, hormones, stress, and environmental factors. See the discussion in Proctor (2011) on
p.260-261, who observes that tobacco is only mentioned within a cluster of environmental factors including
air pollutants, humidity and temperature.
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environment. For instance, Coca-Cola, the world’s largest producer of sugary beverages, has

provided substantial funding for research focusing on physical inactivity as a cause of obesity,

see O’Connor (2015).4 Bayer, one of the world’s main producer of pesticides, invested $1.3

million between 2016 and 2020 in the Healthy Hives 2020 initiative, funding 12 research

projects on honey bee health.5 Funded projects have looked, for instance, at ways to fight

Varroa mites and at genetic resistance to diseases. No funded project, however, has studied

the impact of neonicotinoid pesticides on bees, even though pesticides are now widely believed

to be a major cause of decline in bee populations, see Woodcock et al. (2016). On climate

change, the fossil-fuel industry has funded research on the impact on climate of variations

in the sun’s energy, see Gillis and Schwartz (2015).

Economists traditionally distinguish between direct lobbying, where special interests pres-

sure policymakers directly, and indirect lobbying, where they seek to influence policy by

shaping public opinion. Diversion research, however, represents a different kind of lobbying.

It is a form of scientific lobbying, in which special interests affect the scientific process that

produces the knowledge necessary for effective regulation. Researchers in fields other than

economics have been documenting the increasing importance of scientific lobbying, and its

varied forms, see McGarity and Wagner (2012), Fabbri et al. (2018), Goldberg and Van-

denberg (2019), Michaels (2020), Legg, Hatchard and Gilmore (2021), Oreskes and Conway

(2011).6 Scientific lobbying has received little attention from economists, however - we re-

view the scant literature on it below. We hope that our analysis will help interest economists

in this critical form of lobbying, as much work is needed to better document, analyze, and

address it.

This paper provides the first formal analysis of diversion research. We show that special

interests may have strong incentives to influence the scientific agenda, even when research

is unbiased.

4See also Wood, Ruskin and Sacks (2020) and Serodio et al. (2020).
5See https://cdn.ymaws.com/pgms.org/resource/resmgr/newsletter/pdfs/forum2020janfeb.pdf

and https://www.cropscience.bayer.us/news-press/crop-protection/bayer-commits-to-healthy-

hives-2020-initiative, accessed on 05/05/2025.
6In addition to diversion research, industrial lobbies have notably practiced ghostwriting, selective disclo-

sure of experimental results (publishing favorable findings while hiding unfavorable ones), targeted criticisms
of unfavorable findings, hiring and funding favorable scientists, targeting unfavorable scientists through smear
campaigns.
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We develop a Bayesian framework with the following features. The government decides

whether to regulate the activity of an industry. This activity, as well as alternative factors,

may affect public health or the environment. The welfare impacts of these two sources of

risk are uncertain, and academic research can reduce these uncertainties. We consider a

benchmark model with linear benefits and costs and separability in impacts. Linearity leads

to a simple, clear-cut regulation rule. Once academic research is conducted, the government

bans the industrial product if the posterior belief on its impact is greater than a threshold

value, and does not regulate otherwise.7 This threshold value is equal to the cost-benefit

ratio of regulation.

In our main result, we characterize how ex-ante industry profits depend on the number of

scientists who study the impact of the industry’s activity. We uncover the existence of four

different domains, leading to rich qualitative outcomes. Suppose first that the industry’s

activity is unregulated in the absence of research, as was initially the case for tobacco. This

happens when the prior on the industry’s impact is lower than the cost-benefit ratio of

regulation. If, in addition, the relative cost of regulation is high (first domain), the industry

always prefers to minimize the scientific attention directed towards its activity. Diversion

research provides a way to reduce attention, when more research on alternative factors

leads to less research on the industry.8 If the relative cost of regulation is low, however,

industry incentives are more complex (second domain). The industry still prefers no scientific

attention. When some scrutiny is unavoidable, however, the industry may abruptly shift from

supporting diversion research to supporting industry research, i.e., research on its activity.

By contrast the industry’s product is banned in the absence of research when the prior is

higher than the cost-benefit ratio of regulation. This is the case, for instance, when pharma-

ceutical companies want to commercialize new medicines. If the relative cost of regulation is

low (third domain), the industry now always prefers to support industry research, hoping to

demonstrate safety and receive regulatory clearance. But if the relative cost of regulation is

7Harmful industrial products often end up fully banned, as was the case for lead in gasoline and asbestos
in construction. Outdoor use of the three main neonicotinoid pesticides was banned by the European
Commission in 2018, see Stokstad (2018), and some researchers advocate a ban on cigarettes, e.g., Proctor
(2013).

8In the benchmark model, we assume that the total number of scientists working on the industrial
activity and on alternative factors is fixed. Our results hold, more generally, in the presence of imperfect
substitutability in research on both issues, see Section 4.
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high (fourth domain), the ex-ante industry profit admits a global maximum. The industry

supports industry research only when scientific scrutiny of its activity is not too intense.

Otherwise, the industry is willing to subsidize diversion research.

We further provide a numerical illustration of these effects, assuming quadratic costs of

scientists’ reallocation, and analyze comparative statics with respect to an increase in the

precision of scientific experiments and in the cost-benefit ratio of regulation.

Overall, we demonstrate that the allocation of scientists across the two sources of risk

is a main determinant of industry profits. We characterize when the industry is willing to

encourage or discourage research on its activity. We also show that diversion research can

yield substantial welfare losses. Even though research on alternative factors is legitimate

and unbiased, the allocation of scientific resources preferred by the industry may lie far from

the socially optimal allocation.

Figure 1: Newly-funded research projects by US governmental agencies, containing tobacco-
related terms in the title.

One prediction of our framework is that a sudden halt to the industry’s ability to finance

diversion research should lead to increased research on the industry’s product. In the case of
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tobacco, following the 1994 lawsuits launched by US States, the master settlement agreement

imposed the closure of the industry’s grant-allocating institutions - the CTR and the CIAR

- in 1998. This mandated closure represents an abrupt decrease in the industry’s capacity

to finance research. Figure 1 depicts the number of newly-funded research projects on the

health impacts of tobacco subsidized by the NIH and by other governmental agencies between

1970 and 2008.9 The data show a clear increase in government-funded research on tobacco

after 1998, relative to the period before 1994. This provides suggestive evidence consistent

with our analysis and with the presence of substitution effects between research on tobacco

and industry-funded diversion research.

Our analysis contributes to the literature on special interests, reviewed in Bombardini

and Trebbi (2020) and Schnakenberg and Turner (2023). The economic branch of this lit-

erature has, so far, generally neglected scientific lobbying, when special interests attempt

to affect the scientific process.10 Two recent exceptions are Bramoullé and Orset (2018)

and Chiroleu-Assouline and Lyon (2020). In Bramoullé and Orset (2018), lobbies produce

favorable scientific studies and citizens do not distinguish between legitimate research and

industry-sponsored, biased research. In Chiroleu-Assouline and Lyon (2020), lobbies under-

mine the credibility of science-based organizations. In our setup, by contrast, the scientists

are credible and the research is legitimate and unbiased. We show that, even with credible

scientists and unbiased research, interest groups have an incentive to affect the allocation

of resources across research topics. We notably characterize when the industry is willing to

fund research on alternative sources of risk.

As discussed above, there is a growing literature on scientific lobbying in other social

sciences. Researchers have documented many cases of ill-intentioned interventions on sci-

ence and of systematic efforts to manufacture doubt.11 Analysis of confidential corporate

9This Figure is produced from data retrieved from the NIH’s CRISP (Computer Retrieval of Information
on Scientific Projects) system available at https://reporter.nih.gov/exporter/crisp.

10Beyond direct, quid-pro-quo lobbying, researchers have studied indirect lobbying, when interest groups
attempt to sway public opinion, see, e.g., Yu (2005), Baron (2005), Petrova (2012), Cheikbossian and Hafidi
(2022), and informational lobbying, when interest groups strategically provide information to policymak-
ers, see, e.g., Milgrom and Roberts (1986), Cotton (2012), Cotton and Dellis (2016), Blumenthal (2024).
With scientific lobbying, by contrast, interest groups influence the scientists providing knowledge needed for
regulation. It can thus be viewed as a form of intermediary-constrained informational lobbying.

11In addition to academic studies, investigative journalists have played an important role in bringing these
practices to light, see, e.g., O’Connor (2015), Gillis and Schwartz (2015), and Foucart (2013) in the French
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documents, either forcibly disclosed or leaked by whistleblowers, helps demonstrate the true

intentions behind the lobbies’ actions. This literature is essentially descriptive, however. In

this paper, we take the findings from this literature seriously, and provide the first formal

analysis of diversion research. We confirm that, even in a Bayesian framework, industries

seeking to avoid regulation may benefit from affecting scientists’ allocation across research

topics. This raises deep concerns about the private funding of academic research, which we

discuss in Conclusion.

Our analysis also contributes to the literature on strategic information transmission. In

Bayesian persuasion, the Sender controls the structure of the signal sent to the Receiver,

see Kamenica and Gentzkow (2011). With scientific lobbying, by contrast, interest groups

influence scientists, who produce the knowledge on which policymakers rely. Because of

the way academia operates, interest groups have limited control over how they can affect

scientific output. In our setup, scientific experiments provide unbiased signals on the true

states of the world, and the industrial lobby can only affect the numbers of experiments

investigating the impact of its activity versus the impact of other factors. Our model thus

captures a form of constrained Bayesian persuasion.12

We analyze the incentives to fund diversion research in a Bayesian framework. These

incentives would of course be affected, and possibly increased, if the policymaker had limited

attention (Persson (2018)) or faced information processing costs (Elliot Lipnowski, Laurent

Mathevet and Dong Wei (2020)). Introducing such features into our framework would be a

natural direction for future research.

The remainder of the paper is organized as follows. We present our framework, and

describe how science operates and how the government regulates in Section 2. We analyze

the incentives and actions of the industrial lobby in Section 3, and provide a concluding

discussion in Section 4.

context.
12Kirneva (2023) analyzes a multidimensional Sender - Receiver game, where Receiver can acquire infor-

mation after observing Sender’s signals. She shows that Sender may strategically choose which information
to transmit, in order to influence Receiver’s subsequent information acquisition.
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2 Regulating firms under scientific uncertainty

2.1 Uncertain impact of firms’ activity

Society consists of three groups of agents: firms, scientists, and the government. An

environmental or health stock, initially equal to y0, is subject to two potential threats: from

firms’ activity, referred to as F , and from another unrelated driver, denoted by D. The

impact of each factor j ∈ {F,D} is unknown ex-ante, and captured by random variable ³̃j.

For simplicity, we assume that this uncertainty is binary: ³j = 1 if factor j is harmful and

³j = 0 otherwise. The environmental or health stock ỹ ∈ [0, y0] is thus a random variable,

affected by the two factors’ impacts.

To fix ideas, we consider bees as a running example. In this case, ỹ could represent

the stock of healthy bee colonies, j = F pesticides, and j = D Asian hornets.13 Our

analysis applies to any public health and environmental issue involving industrial lobbies

under scientific uncertainty. For tobacco, for instance, ỹ could represent the number of

healthy individuals, j = F smoking, and j = D genetic predispositions to cancer.

The industry sells an amount x ∈ [0, x0] of pesticides, where x0 is the business-as-usual

quantity, i.e., the amount sold in the absence of regulation. If pesticides are harmful to

bees, their damage is equal to hx, where h > 0 is the bee population killed per unit of

pesticides sold. Similarly, if Asian hornets are harmful, their damage is equal to a, where

a > 0 represents the bee population lost due to their presence. To guarantee that total

damage is lower than or equal to the initial bee population, we assume that hx0+a < y0. In

this formulation, damage from pesticides is proportional to pesticide use and independent of

damage from Asian hornets. We discuss relaxation of these assumptions in Section 4. The

stock of healthy bee colonies is then equal to

ỹ = y0 − ³̃Fhx− ³̃Da, (1)

with ³̃F , ³̃D ∈ {0, 1}.

13Bees are affected by several factors unrelated to firms’ activity, including Asian hornets (a major preda-
tor), Varoa mites (a major pest), and diseases like Nosemosis. Any of these factors could be a target for
diversion research. Our analysis extends straightforwardly to several factors unrelated to industry.
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The impacts of the two factors are uncertain, and scientists who study bees’ health aim

at reducing these uncertainties. Each scientist conducts one experiment aimed at learning

about ³̃F or ³̃D. Let n0F and n0D denote the number of experiments focusing on the impact

of pesticides and Asian hornets, respectively, in the absence of industry interference.14 Firms

are organized into an industrial lobby, and decisions are made over two stages. In the first

stage, the lobby may affect the allocation of scientists between the two research questions,

for instance by providing targeted research funds. The number of experiments after industry

intervention are denoted by nF and nD. In the second stage, these scientific experiments are

performed, and a welfare-maximizing government decides whether to regulate the industry,

relying on state-of-the-art scientific knowledge.

2.2 Scientific progress

We consider a Bayesian model of scientific progress, where scientists get progressively

closer to the truth. Formally, scientists hold prior beliefs p0j ∈ (0, 1) regarding the likelihood

that factor j = F,D, is harmful. Each scientific experiment on ³̃j generates an unbiased

signal sij, where i ∈ {1, 2, . . . , nj}. Conditional on the true state of the world, these signals

are independently and normally distributed as sij ∼ N (³j, Ã
2). We assume that the precision

of the experiments, 1

Ã2 , is fixed and known.15

We next describe how posterior beliefs vary with experimental results. Let pj denote

scientists’ posterior belief that factor j is harmful. Denote by µj the empirical mean of the

nj signals, i.e., µj = 1

nj

∑nj

i=1 sij. Conditional on the true state of the world, µj follows a

normal distribution with expectation ³j and variance Ã2

nj
, µj ∼ N

(
³j,

Ã2

nj

)
. Using Bayes’

rule, we can express the posterior belief that factor j is harmful as follows, see the Appendix

for a proof:

Lemma 1.

ln

(
pj

1− pj

)
= ln

(
p0j

1− p0j

)
+

nj

Ã2

(
µj −

1

2

)

14We take scientists’ choices in the absence of industry intervention as given in our analysis. We note
that, because of academic freedom, these choices do not necessarily maximize welfare.

15Our analysis applies to situations where precision differs across the two factors, σF , σD. Simply replace
σ by σF in the formal expressions.
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Lemma 1 shows that the mean of the signals is a sufficient statistic, and pj is a simple

function of prior p0j, number of experiments nj, and signals’ mean µj. Namely,

pj(p0j, µj, nj) =
1

1 +
(

1−p0j
p0j

)
exp

[nj

Ã2

(
1

2
− µj

)] . (2)

Let us highlight key properties of scientific progress that follow from Lemma 1. First,

whether scientists increase or decrease their belief that factor j is harmful depends on the

sign of µj − 1

2
. The posterior is larger than the prior, pj > p0j iff µj > 1

2
and, on average,

signals lean closer to the harmful state. Second, when experiments are conducted in multiple

stages, the final belief is independent of their sequence and only depends on the aggregate

information obtained. Formally, pj(pj(p0j, µj, nj), µ
′
j, n

′
j) = pj(p0j,

njµj+n′

jµ
′

j

nj+n′

j

, nj + n′
j) for any

µj, µ
′
j, nj, n

′
j.

Third, as the number of experiments becomes very large, scientists converge to the truth.

From an ex-ante perspective, i.e., before experiments are conducted, the posterior belief is

a continuous stochastic variable p̃j centered around the prior, E(p̃j) = p0j. When nj is low,

most of the weight in the posterior distribution is close to the prior. As nj increases, part of

the weight shifts downwards, towards pj = 0, while the rest shifts upwards towards pj = 1.

And as nj → ∞, p̃j converges in probability to p̃∞ such that p∞ = 0 with probability 1− p0j

and p∞ = 1 with probability p0j. (See the Appendix for a proof). Moreover, convergence is

slower when experimental precision 1

Ã2 is lower.

At the beginning of the second stage, scientists conduct nF experiments on the impact

of pesticides on bees and nD experiments on the impact of Asian hornets. After learning the

experimental results, they update their beliefs on the harmfulness of both factors.

2.3 Regulating under scientific uncertainty

We now describe what the government does in the second stage, and how the optimal

regulation depends on the scientists’ updated beliefs. Our setup relies on two simplifying

assumptions. First, the government cannot immediately address damage caused by Asian

hornets, and can only regulate pesticide use. Second, benefits and costs associated with bees’

health and pesticide abatement are linear. Linearity yields a clear-cut optimal regulation:
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ban pesticides if posterior belief pF exceeds a threshold, and do not regulate otherwise. Our

main insights are robust to relaxing these assumptions, see Section 4.

The government considers enforcing a maximum authorized amount of pesticides, denoted

by x ∈ [0, x0]. This corresponds to a reduction of x0 − x in the quantity of pesticides sold,

imposing an abatement cost on firms equal to c(x0−x), where c > 0 captures the abatement

cost per unit of pesticide reduction. This reduction may be worthwhile because bees provide

significant benefits to society.16 Formally, social benefits from stock ỹ of healthy bee colonies

are equal to bỹ − B0, where b, B0 > 0. If bees disappear, social benefits reach their lowest

level, equal to −B0, reflecting the adverse externalities that would arise from the extinction

of pollinators. Parameter b captures the social benefits generated per unit of healthy bee

colonies.

The government acts under scientific uncertainty and seeks to maximize expected social

welfare, computed with scientists’ posterior beliefs. To determine the optimal amount of

pesticides to authorize, x∗, the government maximizes expected welfare, equal to:

W (pF , pD, x) = b(y0 − pFhx− pDa)− B0 − c(x0 − x). (3)

Expected welfare is linear in x, with slope −bpFh+c, leading to the following corner solution.

Let r ≡ c
bh

be the value of the posterior belief at which the government is indifferent to

regulating.

Lemma 2. Government’s optimal regulation is to ban the industry’s product, x∗ = 0, if

pF > r and to refrain from regulation, x∗ = x0, if pF < r.

Threshold r represents the social cost-benefit ratio of regulation. When pF > r, the

marginal benefit from regulation exceeds its marginal cost, leading to a complete ban. When

pF < r, marginal benefit is lower than marginal cost and the government does not regulate

the industry.

From Lemma 2, we see that regulation inherits natural comparative statics. Threshold

r decreases, and the government regulates pesticides for a larger set of beliefs, if abatement

16Gallai et al. (2009) highlight the crucial economic role of insect pollinators in global agriculture. Their
study estimates that pollinators contributed e153 billion in 2005, equivalent to approximately 9.5% of the
value of the total global agricultural production intended for human consumption.
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cost c decreases, benefit from bees b increases, and impact of pesticides on bees h increases.

In what follows, we assume 0 < c < bh to ensure r ∈ (0, 1).17 This implies that industry

regulation may depend on the results of scientific inquiry. If scientists convincingly establish

that pesticides harm bees, the government will ban their sale. By contrast if evidence points

to a low impact of pesticides, the industry stays unregulated. This, in turn, means that the

industry may have an incentive to influence the scientific agenda, as we will show in the next

Section.

As a useful first step for our analysis of scientists’ allocation, we next relate optimal

regulation to the experimental results. Combining Lemmas 1 and 2, we see that there exists

a threshold value µr such that if the signals’ mean exceeds this threshold, µF > µr, then

pF > r and the government bans pesticides. By contrast, if µF < µr, then pF < r and the

government does not regulate. This threshold value is such that pF (p0F , µr, nF ) = r. By

Lemma 1, we obtain:

µr =
1

2
+

Ã2

nF

[
ln

(
r

1− r

)
− ln

(
p0F

1− p0F

)]
. (4)

Threshold µr thus increases in the difference in log-odds ratio between cost-benefit ratio

r and prior p0F . If r is precisely equal to the prior, µr = 1

2
and pesticides are banned as

soon as the experimental evidence increases scientists’ beliefs in their harmfulness. If r is

higher than the prior, the government regulates only in the presence of extra evidence that

pesticides harm bees. If r is lower than the prior, the government regulates despite evidence

that pesticides do not harm bees, as long as the resulting belief is not too low.

3 Diversion research

We now analyze how industry profit depends on the ex-ante allocation of scientific re-

sources across the two research topics. We characterize when the industry has incentives to

discourage or encourage research on its activity.

17If c > bh, the government never regulates and the industry has no incentive to fund research.
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3.1 Industry cost and welfare

We first compute how the ex-ante expected cost of regulation to the industry depends on

scientists’ allocation (nF , nD). Recall that, once uncertainty is realized and the government

regulates industry activity at level x, industry cost is equal to c(x0 − x). Expected cost to

the industry is thus equal to c(x0 − E(x̃)). Introduce

¶(nF ) = P(pF > r|nF )

as the probability that the posterior ends up being greater than the cost-benefit ratio of

regulation, conditional on nF , the number of experiments on the impact of the industry’s

product. By Lemma 2, E(x̃) = (1 − ¶(nF ))x0, and the expected industry cost is equal to

¶(nF )cx0. For the industry, maximizing profit is thus equivalent to minimizing the probability

of being regulated.

Expected welfare is equal to the sum of expected cost to the industry and expected benefit

from regulation b(y0−hE(³̃F x̃)−E(³̃D)a), with E(³̃D) = p0D. Since the government cannot

exploit advances in knowledge regarding Asian hornets, welfare is unaffected by nD. By

contrast, welfare increases with nF . As the number of experiments on pesticides increases,

the government obtains more accurate knowledge regarding pesticides’ impact and hence

can regulate them more effectively. This is a consequence of Blackwell’s informativeness

Theorem, since informativeness increases with the number of signals.18

Proposition 1. Ex-ante expected welfare is increasing in nF , the number of scientific ex-

periments on the impact of firms’ activity.

Proposition 1 implies that any action taken by firms to reduce scientific attention to

their activity decreases welfare. This provides a clean expression of the misalignment be-

tween industry profit and welfare. This misalignment is, of course, still present when better

information on alternative factors is socially beneficial. In that case, welfare is increasing in

both nF and nD and the industry’s preferred allocation generally differs from the socially

optimal allocation, see Section 4.

18Intuitively, the government does at least as well with nF + 1 signals as with nF signals, since it can
always ignore information from the additional signal, see Blackwell (1953).
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3.2 Firms’ incentives and actions

We now derive our main result. We analyze how firms’ expected costs from regulation

vary with the number of experiments on their activity. We obtain rich outcomes, with four

qualitatively different domains, including two domains with non-monotonic variations.

The industry is regulated when pF > r or, equivalently, when µF > µr, where µr is

given by equation (4). Regulation probability ¶(nF ) is then equal to the probability that the

average of the nF signals is greater than threshold value µr. From an ex-ante perspective,

µF follows a mixture of normal distributions, N
(
1, Ã2

nF

)
with probability p0F and N

(
0, Ã2

nF

)

with probability 1− p0F . Denote by Φ the cdf of the normal distribution centered at 0 and

of variance 1. We have:

¶(nF ) = p0FP(µF > µr|³F = 1) + (1− p0F )P(µF > µr|³F = 0)

= p0F [1− P(µF < µr|³F = 1)] + (1− p0F ) [1− P(µF < µr|³F = 0)]

= p0F

[
1− Φ

(
(µr − 1)

√
nF

Ã

)]
+ (1− p0F )

[
1− Φ

(
µr

√
nF

Ã

)]

Introduce ∆ = ln( r
1−r

)− ln( p0F
1−p0F

) as the difference in log-odds ratio between cost-benefit

ratio r and prior p0F . Substituting the expression for µr from equation (4) into the previous

expression yields:

Lemma 3. For any nF > 0,

¶(nF ) = p0F

[
1− Φ

(
∆Ã√
nF

−
√
nF

2Ã

)]
+ (1− p0F )

[
1− Φ

(
∆Ã√
nF

+

√
nF

2Ã

)]

The first part of the expression of ¶(nF ) is the likelihood that the government regulates

when the activity is harmful, i.e., that the government does not make a type II error. The

second part of the expression is the likelihood that the government regulates when the activity

is not harmful, i.e., that the government makes a type I error. Variations of ¶(.) depend

on how the marginal experiment affects these error probabilities. We build on Lemma 3 to

analyze these variations in the Appendix. We uncover the existence of four qualitatively

different domains.19

19At the intersection of the four domains, when p0F = r = 1

2
, δ(.) is constant and equal to 1

2
. At the
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Theorem 1. The ex-ante probability that firms’ activity will be banned, ¶(.), varies with the

number of experiments on the impact of this activity, nF , as follows.

If p0F < r and r > 1

2
, ¶(0) = 0 and ¶ increases with nF .

If p0F < r < 1

2
, ¶(0) = 0 and ¶ first increases, then decreases with nF .

If p0F > r and r < 1

2
, ¶(0) = 1 and ¶ decreases with nF .

If p0F > r > 1

2
, ¶(0) = 1 and ¶ first decreases, then increases with nF .

In all cases, limnF→∞ ¶(nF ) = p0F .

Figure 2 illustrates Theorem 1. The Figure depicts the four domains in the (p0F , r) space

and, within each domain, an example of how ¶ varies with nF for specific numerical values.

p0F = r

p0F

1 2

0 n̂
nF

δ(nF)

p0F

1

0
nF

δ(nF)

1 2

p0F

1

0 n̂
nF

δ(nF)

p0F

1

0
nF

δ(nF)

0

1/2

1

1/2 1
p0F

r

Figure 2: How regulation probability varies with experiments on firms’ activity.

domains’ boundaries, δ(.) is increasing when p0F = r > 1

2
and when p0F < r = 1

2
and decreasing when

p0F = r < 1

2
and when p0F > r = 1

2
, see the Appendix.
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Variations in regulation probability are determined by two conditions. First, is the prior

greater than, or smaller than, the cost-benefit ratio? This determines whether the govern-

ment regulates in the absence of scientific progress on firms’ activity, when nF = 0, and hence

the initial value of the ¶(.) function. We say that there is a priori laissez-faire if p0F < r

and ¶(0) = 0 and a priori regulation if p0F > r and ¶(0) = 1. Second, is the cost-benefit

ratio greater than, or smaller than, 1

2
? We say that regulation has a high cost if r > 1

2
and

a low cost if r < 1

2
. In all cases, regulation probability converges to the prior when the

number of experiments becomes large. As scientists converge to the truth, the government

only regulates when pesticides are indeed harmful.

To connect firms’ incentives to firms’ actions, we need to take a stance on how expanding

research on alternative factors affects research on the industrial activity. Recall, n0F , n0D

denotes the initial allocation of scientists across research topics, in the absence of industry

intervention. In our benchmark model, we assume that the number of scientists dedicating

themselves to studying bees’ health is constant, and equal to N .20 Thus, N = n0F + n0D =

nF + nD and any increase in nD leads to a one-to-one decrease in nF . Increasing scientific

attention to alternative factors then provides a way for firms to reduce the attention being

paid to their activity. The advantages of funding diversion research hold more generally

under imperfect substitution between the two research activities, see Section 4.

Recall that a profit-maximizing industry seeks to minimize the probability of regulation.

Two domains display unambiguous incentives. When there is a priori laissez-faire and reg-

ulation has a high cost, the probability of regulation increases with nF . This is a domain

of diversion research. Here, the industry always wishes to keep scientific attention to pes-

ticides to a minimum. Starting from any situation, any expansion of scientific inquiry into

the impacts of firms’ activity increases the ex-ante probability that the industry will be

regulated. By contrast, when there is a priori regulation and regulation has a low cost, the

probability of regulation decreases with nF . This is a domain of industry research. From

any starting point, the industry wants to attract scientists’ attention to its activity, hoping

that experiments will demonstrate its harmlessness.

20In the long run, N may evolve due to the arrival of PhD graduates, retirement, and established re-
searchers changing research fields.
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The two other domains display non-monotonic incentives. Denote by n̂ the maximum

of ¶ when p0F < r < 1

2
and the minimum of ¶ when p0F > r > 1

2
. When there is a priori

laissez-faire but regulation has a low cost, the probability of regulation increases with nF up

to a maximum and then decreases. (We analyze the reasons behind this non-monotonicity in

the next Section). In this domain, as in the domain of unambiguous diversion research, the

industry’s preferred situation is no scientific attention. If this absolute minimum cannot be

reached, however, the industry may prefer to finance industry research rather than diversion

research. Moreover, its incentives to finance one kind of research rather than the other may

switch abruptly.

To see why, assume that nmin independent scientists work on the impact of pesticides, and

that these devoted scientists cannot be swayed by monetary incentives to work on another

topic. Under the constraint that nF ≥ nmin, what is the value of nF that minimizes the

probability of regulation? A direct implication of Theorem 1 is that when N is large enough,

there is a threshold value n such that if nmin < n, then industry profit is maximized when

nF is as low as possible, while if nmin > n, industry profit is maximized when nF is as

high as possible.21 In this domain, the industry wants to fund diversion research as long

as independent scientific attention to its activity is not too great. When scientific scrutiny

becomes unavoidable, however, the industry gives up on diversion research and switches to

industry research.

In the fourth domain, there is a priori regulation and regulation has a high cost. The prob-

ability of regulation decreases with nF up to a minimum, reached at n̂, and then increases.

This minimum is the industry’s sweet spot and its preferred level of scientific attention.

What the industry does, then, depends on the initial allocation of scientists. Starting from

a situation with more scientific attention than the minimum, n0F > n̂, the industry wants to

reduce scientific scrutiny and is willing to fund diversion research. Starting from a situation

with less scientific attention than the minimum, n0F < n̂, the industry wants to increase

scientific scrutiny and hence is willing to fund research on its activity.

We collect these observations on firms’ preferred allocation in the following Proposition.

21This threshold value exists when N > n̂ and is such that δ(n) = δ(N).
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Proposition 2. Consider initial allocation of scientists n0F , n0D such that n0F + n0D = N

and n0F ≥ nmin. Under the constraints that nF + nD = N and nF ≥ nmin, industry’s

preferred allocation n∗
F is such that:

If p0F < r and r > 1

2
, n∗

F = nmin (diversion research).

If p0F < r < 1

2
and N > n̂, there exists n such that if nmin < n, n∗

F = nmin (diversion

research) while if nmin > n, n∗
F = N (industry research).

If p0F > r and r < 1

2
, n∗

F = N (industry research).

If p0F > r > 1

2
and nmin < n̂ < N , n∗

F = n̂, corresponding to industry research if n0F < n̂

and to diversion research if n0F > n̂.

Proposition 2 describes how the industry would reallocate scientists across the two factors,

in the absence of reallocation costs and under the constraints that nF + nD = N and

nF ≥ nmin. In practice, industry efforts to orient research involve costs, such as research

funds allocated to research projects and related management costs. Denote by c(nF , n0F )

the cost to the industry of reaching allocation nF , nD = N−nF when the initial allocation of

scientists is n0F , n0D = N −n0F . Note that to reach this target, the industry must affect the

research choices of |nF − n0F | = |nD − n0D| scientists. Total industry costs are now equal to

the sum of costs induced by regulation and of reallocation costs. The industry thus chooses

reallocation target nF in order to minimize

cx0¶(nF ) + c(nF , n0F ) (5)

under the constraints that nF + nD = N and nF ≥ nmin. Industry choices now also depend

on the cost function c(nF , n0F ), and Theorem 1 provides a stepping-stone to analyze these

choices. It shows that an industry may finance diversion research only when p0F < r and

r > 1

2
, p0F < r < 1

2
and nmin is low enough, or p0F > r > 1

2
and n0F > n̂.

We next provide a numerical illustration of how reallocation costs affect industry choices,

compared to the zero-cost benchmark of Proposition 2. We assume that c(nF , n0F ) =

0.1(nF − n0F )
2, capturing increasing marginal costs in the number of diverted scientists,

Ã = 8, x0 = 5, 000, nmin = 0, and N = 200. We consider one example in each of the

four domains identified in Theorem 1. Quantitative effects are now critical, as the industry
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trades off gains in regulation probability against the reallocation costs. Figure 3 depicts

the number of diverted scientists, n0F − nF , as a function of initial scientific attention to

firms’ activity, n0F . Diversion research corresponds to positive numbers, industry research

to negative numbers. The y axis in each Panel is rescaled for graphical clarity.
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Figure 3: Scientists’ reallocation chosen by the industry as a function of initial scientific
attention under quadratic reallocation costs.

In Panel A, ¶ is increasing and the industry prefers no scientific attention. As long as

n0F is not very high, the industry funds massive diversion research and gets very close to its

preferred allocation. As n0F increases, the industry pays more and more to divert scientists’

attention from its activity. Above a threshold of initial scientific attention, this strategy

becomes too costly and the industry suddenly and drastically reduces diversion research.22

22We can show that industry cost has two minima around the threshold. The discontinuous decrease in
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In Panel B, ¶ first decreases and then increases, and the industry prefers nF = n̂. It subsidizes

industry research when n0F < n̂ and some diversion research when n0F > n̂.

In Panel C, ¶ first increases and then decreases. The industry first finances diversion

research, and maintains scientific ignorance regarding its activity. Above a threshold of initial

scientific attention, however, maintaining ignorance is too costly. The industry changes its

strategy abruptly and now finances a small amount of industry research. Since ¶ decreases

at high levels of scientific attention, increasing this attention even further helps the industry

reduce regulation probability. This example shows that the strategy switch identified in

Proposition 2 may also appear with reallocation costs and when nmin = 0. Finally, in

Panel D, ¶ decreases and the industry prefers full scientific attention. The industry diverts

scientists’ attention towards its activity, and the number of diverted scientists decreases as

n0F increases.

Overall, these results show that firms have strong incentives to affect the ex-ante allo-

cation of scientists. These effects and their welfare impacts are likely first order, given the

high costs typically imposed by regulations. In the simulations depicted in Figure 3, the

relative reduction in welfare caused by the lobby’s actions reaches −43%, at the peak of

diversion in Panel C.23 The emergence of diversion research with a priori laissez-faire and of

industry research under a priori regulation is intuitive. With a priori laissez-faire, research

on firms’ activity can only increase regulation probability, while it can only decrease it under

a priori regulation. By contrast, the emergence of non-monotonic incentives is unexpected,

and deserves elaboration.

3.3 Non-monotonic incentives

Consider the domain where p0F < r < 1

2
. There is a priori laissez-faire. Firms’ activity is

banned when posterior pF is greater than r. How does the posterior distribution, then, vary

with nF ? We provide an illustration of this variation in Figure 4, for p0F = 0.35 and Ã = 4.24.

When nF is positive but low, the posterior distribution is unimodal, with most of its weight

diversion research occurs when the cost of the low diversion research minimum becomes lower than the cost
of the high diversion research minimum.

23And as high as −93% when accounting for the reallocation costs.
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close to the prior. As nF increases, this distribution first flattens. Some experiments open

up scientific possibilities, and scientists’ beliefs can end up “all over the place”. With even

larger increases, however, the distribution becomes bimodal with most of its weight close to

0 and 1. Many experiments eventually lead to the truth.

4
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Figure 4: Posterior distribution as a function of number of experiments.

We can see now where the non-monotonic incentives come from. Regulation probability

is equal to the area under the pdf of the posterior and above r. When regulation has a low

cost, r lies above the prior and below 1

2
. Regulation probability first increases with nF , in

the flattening range, before decreasing when the probability weight on intermediate values

becomes small. Since regulation has a low cost, the government regulates “easily”, and is

therefore likely to regulate even when pesticides are harmless. Regulation probability is then

higher for intermediate levels of scientific understanding than under certainty. By contrast,

when regulation has a high cost, r lies above 1

2
and the probability weight on posterior

values relatively close to 1 increases monotonically with nF . Regulation is only implemented

in the face of extensive scientific evidence. The likelihood of making a type I error is low,

and regulation probability is highest under certainty. Theorem 1 reveals that the separation
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between these two domains is precisely given by the value r = 1

2
.

Non-monotonicity emerges for similar reasons in the domain where 1

2
< r < p0F . In that

case, there is a priori regulation. Since regulation has a high cost, the government stops

regulating following small decreases in scientists’ beliefs. Likelihood of a type II error, i.e.,

not regulating when pesticides are harmful, is high. Regulation probability first decreases

with nF in the flattening range, before increasing. Regulation probability is lowest for

intermediate levels of scientific understanding. By contrast, when r is low, likelihood of a

type II error is low and regulation probability decreases monotonically with nF , reaching a

minimum under certainty.

3.4 Increase in experiments’ precision

We next analyze how firms’ incentives to affect scientists’ allocation vary with a decrease

in Ã. This corresponds to an increase in the precision of scientific experiments, possibly

due to technological change. A decrease in Ã speeds up learning, without affecting the

qualitative domains identified in Theorem 1. By Lemma 3 and making the dependence of

regulation probability with Ã2 explicit, we see that ¶(¼Ã2, nF ) = ¶(Ã2, 1

¼
nF ). A division by 2

of the variance of experimental results is equivalent to a multiplication by 2 of the number

of experiments. In every qualitative domain, a decrease in Ã then leads to a horizontal

compression of regulation probability ¶ as a function of nF .
24 We illustrate these effects in

Figure 5.25

Changing scientists’ allocation from n0F to nF generates a net benefit for firms equal to

cx0(¶(n0F ) − ¶(nF )). The impact of a decrease in Ã on firms’ incentives and actions then

depends on the level of initial scientific attention to pesticides, n0F , and on variations of the

¶(.) function.

When p0F < r and r > 1

2
, ¶ increases with nF and the industry always benefits from

diversion research. Following a decrease in Ã, ¶(.) becomes steeper at low values and flatter

24Horizontal compressions of function y = f(x) are the functions y = f(ax) with a > 1.
25This Figure depicts how regulation probability varies with nF for σ = 5 and σ = 3, and the following

parameters: p0F = 0.9, r = 0.95 in Panel A, p0F = 0.8, r = 0.75 in Panel B, p0F = 0.2, r = 0.25, in Panel
C, p0F = 0.1, r = 0.05 in Panel D.
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Figure 5: Impact of Ã on regulation probability.

at high values.26 Benefits from diversion research are then higher when n0F is low and lower

when n0F is high. When scientific progress is faster, diversion research is more beneficial to

the industry at low levels of scientific attention to pesticides. In this case, the science is still

quite uncertain and the impact of diverting one scientist away from research on pesticides

is higher. By contrast, when scientific scrutiny of pesticides is intense, scientists are getting

close to the truth. The impact of diverting one scientist away from pesticide research in this

case is lower when scientific progress is faster.

A decrease in Ã has qualitatively similar impacts on industry research in the other domain

with monotonic variations. When p0F > r and r < 1

2
, ¶ decreases with nF and firms always

26Formally, ∂
2
δ

∂σ∂nF

< 0 if nF is low enough and ∂
2
δ

∂σ∂nF

> 0 if nF is high enough.

22



benefit from industry research. When scientific progress is faster, benefits from industry

research are higher when n0F is low and lower when n0F is high.

How does a decrease in Ã affect firms’ incentives in the two domains with non-monotonic

variations? When p0F < r < 1

2
, ¶ first increases and then decreases, and firms are willing

to fund diversion research when nmin < n̄ and industry research when nmin > n̄ is high.

Since a decrease in Ã leads to a horizontal compression of the ¶(.) function, it also leads

to a decrease in threshold value n̄. Diversion research is beneficial to the industry at a

lower range of values, and industry research is beneficial at a higher range of values, when

scientific progress is faster. The posterior distribution reaches the bimodal domain more

quickly. The decrease in Ã may then lead firms to switch from funding diversion research to

funding industry research.27

Finally, when p0F > r > 1

2
, ¶ first decreases and then increases, and firms’ preferred

allocation is n̂, the minimum of ¶(.). Firms benefit from industry research if n0F < n̂ and

from diversion research if n0F > n̂. A decrease in Ã leads to a decrease in n̂, now expanding

the range of values for which diversion research is beneficial. Firms may switch from funding

industry research to funding diversion research following an increase in the precision of

scientific experiments.

Overall, we find that an increase in experiments’ precision affects firms’ incentives to

reallocate scientists across the two factors, and can lead to an increase in diversion research.

As science becomes better at understanding the impact of firms’ activities, firms may pour

more resources into diverting scientists’ attention from this impact.

3.5 Increase in the cost-benefit ratio of regulation

Finally, we look at how an increase in the cost-benefit ratio of regulation, r, affects firms’

incentives. Since r = c
bh
, an increase in r can come from an increase in abatement cost c

or from a decrease either in social benefits from bees b or in the impact of pesticides on

bees h, when pesticides are harmful. From Lemma 3 and the fact that ∆ increases with r,

we see that an increase in the relative cost of regulation leads to an unambiguous decrease

in probability of regulation, as the government then requires a higher burden of proof to

27Formally, if σ′ < σ this switch happens when n̄(σ′) < nmin < n̄(σ).
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Figure 6: Impact of r on regulation probability.

regulate.

Note that unlike changes in Ã, a change in r can lead to a switch in domains. In particular,

an increase from r to r′ such that r < p0F < r′ leads from initial regulation, ¶(0) = 1, to

initial laissez-faire, ¶(0) = 0. We depict the impact of successive increases in the cost-benefit

ratio of regulation in Figure 6, for Ã = 3, p0F = 0.3 in the Left panel and p0F = 0.7 in the

Right panel.

Let us examine the impact of small increases in the relative cost of regulation, when

firms’ incentives do not jump across domains. When p0F < r and r > 1

2
, ¶ increases with

nF . A higher relative cost of regulation leads ¶ to be flatter at low values and steeper at

high values.28 These changes are illustrated in Figure 6, comparing r = 0.8 (the second

lowest curves) to r = 0.9 (the lowest curves). This implies that incentives to fund diversion

research are lower when nF is small and higher when nF is large. When regulation is

more costly, the government is less inclined to regulate. Impeding modest scientific progress

is less advantageous for the industry, while impeding advanced scientific progress is more

28Formally, ∂
2
δ

∂r∂nF

< 0 if nF is low enough and ∂
2
δ

∂r∂nF

> 0 if nF is high enough.
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advantageous.

When p0F > r and r < 1

2
, ¶ decreases with nF . In this case, and in contrast to the

previous case, an increase in the relative cost of regulation leads ¶ to be steeper at low values

and flatter at high values. These changes are illustrated in Figure 6, comparing r = 0.1

(the highest curve) to r = 0.2 (the second highest curve). When regulation is more costly,

incentives to fund industry research are higher at low levels of scientific advancement and

lower at high levels.

When p0F < r < 1

2
, ¶ first increases and then decreases. Threshold value n̄ increases

in r. Diversion research is beneficial for firms over a larger range of parameters. This is

illustrated in the Left Panel of Figure 6, when comparing r = 0.33 to r = 0.36. Finally when

p0F > r > 1

2
, ¶ first decreases and then increases. An increase in r leads to a decrease in

firms’ preferred level of scientific attention, n̂. As in the previous case, diversion research

is beneficial over a larger range of parameters. Overall, we see that firms’ incentives are

strongly affected by changes in the relative cost of regulation. We find that firms can have

stronger incentives to fund diversion research when regulation is more costly, even though

the likelihood of being regulated is unambiguously lower.

4 Discussion and Conclusion

We provide the first formal analysis of diversion research, i.e., research funded by firms

to divert attention from the harmful impacts of their products. We develop a benchmark

Bayesian model, based on linear benefits and costs. The government bans the industrial

product if belief on its harmfulness lies above a threshold, and does not regulate otherwise.

We show that firms’ profits depend on the number of scientists working on the impact of

their activity. We analyze firms’ incentives to affect the allocation of scientists across research

topics, and uncover the existence of four domains with qualitatively different properties. We

characterize conditions under which firms are actually willing to fund research on other

factors in order to divert scientific attention from their activity.

The main insight yielded by our analysis is that firms may have strong incentives to

influence the academic agenda, even when research is unbiased. Private funding of academic
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research may then induce a macro bias in scientific output, leading scientists to spend too

much time on some topics, such as the genetic mechanisms involved in cancer, and not

enough time on others, like the impact of tobacco on cancer. Our findings are consistent

with the evidence discussed in the Introduction. As documented in a growing literature,

special interests have tried to game the scientific process in many contexts. This scientific

lobbying likely yields large welfare losses, both because of delays in regulations and of damage

to science.

Our main results are robust to extensions of the model across important dimensions.

First, suppose that research on alternative factors, nD, provides welfare benefits, WD(nD).

Ex-ante welfare is now equal to W (nF , nD) = WF (nF ) + WD(nD) and is increasing in nF

and nD. Under the constraint that nF + nD = N , welfare is maximized at some allocation

(n∗
F , n

∗
D) that trades off the net social benefits of learning about the industry’s activity against

the net benefits of learning about the alternative factors. These benefits have, however, no

impact on firms’ incentives and actions. Theorem 1 and Proposition 2 still hold. By contrast,

the welfare implications of firms’ actions may differ. Diversion research could, in particular,

increase welfare if scientists do not do enough research on the alternative factors absent firms’

intervention, i.e., when n0F < n∗
F . This scenario seems unlikely, however. More importantly,

the industry-preferred allocation of scientists generally differs from the welfare-maximizing

allocation, since firms do not take into account the social benefits of learning. Firms’ actions

are then generally misaligned with welfare.

Second, suppose that substitution is imperfect and that industry funding of research on

alternative factors does not reduce research on the industry’s activity one-to-one. Assume, for

instance, that when the industry funds nD−n0D additional researchers to work on alternative

factors, only a proportion f < 1 is diverted away from research on the industry’s activity.

The remaining proportion comes from scientists who would have worked on other topics than

F and D. In this case, nF = n0F − f(nD − n0D). And note that N = nF + nD increases,

with N = N0 + (1 − f)(nD − n0D). Theorem 1 and Proposition 2 still hold, as imperfect

substitution does not change firms’ incentives and actions when scientists’ reallocation has

no cost. By contrast, imperfect substitution changes firms’ actions when reallocation comes

at a cost. A lower f decreases the effectiveness of diversion research, and hence generally
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reduces the lobby’s efforts to affect the scientific agenda.

Our analysis could be extended in many other directions. Future research could notably

consider non-binary states of the world, non-normal signals, non-linear benefits and costs

(e.g., increasing marginal abatement costs, risk aversion), non-linear damage (e.g., absorp-

tion capacity, irreversible thresholds), non-separability in impacts (e.g. if pesticides weaken

bees’ resistance to diseases and predators), dynamic effects (e.g., pesticide persistence in

the environment, impacts on bees’ fertility), and limited attention of policymakers. These

extensions would enrich the analysis of firms’ incentives and of the determinants and impacts

of diversion research. They would not affect, however, the key insights emerging from our

analysis. In more complex setups, scientists’ allocation across research topics will still be a

main determinant of firms’ profits, and firms’ incentives to affect this allocation will still be

misaligned with welfare.

Given the lack of economic studies on scientific lobbying, there are many other poten-

tially fruitful directions for future research. First, researchers need to go beyond qualitative

descriptions and to empirically assess the causal impacts of scientific lobbying on scientific

output, regulations, and welfare. Second, other forms of scientific lobbying, such as selective

disclosure of favorable findings and selective criticism of unfavorable ones, deserve separate

investigation.29 Third, we should also analyze, theoretically and empirically, how scientific

lobbying interacts with more traditional forms of lobbying.

Finally, diversion research raises serious questions about the private funding of academic

research. In a context of declining public funds, firms and industries have become a main

and growing source of academic funding. This is a welcome source of revenue and expertise.

Firms and industries are, however, not altruistically committed to the quest for knowledge.

As our analysis shows, even the funding of legitimate research can generate significant welfare

losses through agenda distortion. Mandatory disclosure of funding sources and of conflicts

of interest, while necessary, is not sufficient to address the macro biases induced by diversion

research and scientific lobbying. How to best safeguard academic freedom and welfare in

the presence of extensive private funding is not obvious. A crucial first step is to develop a

deeper understanding of private funders’ incentives and actions.

29See Farina et al. (2024) for a recent analysis of selective disclosure.
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Appendix

Proof of Lemma 1

Posterior belief pj(p0j, µj, nj) is the ex-post probability that the factor is harmful, condi-
tional on the experiments’ results, pj = P(³j = 1|µj). Apply Bayes’ rule, and denote by f(.)
the density function of the signals’ mean, µj. This yields:

pj(p0j, µj, nj) =
P(³j = 1)f(µj|³j = 1)

P(³j = 1)f(µj|³j = 1) + P(³j = 0)f(µj|³j = 0)

=
p0j exp

(
− nj

2Ã2 (µj − 1)2
)

p0j exp
(
− nj

2Ã2 (µj − 1)2
)
+ (1− p0j) exp

(
− nj

2Ã2µ
2
j

)

=
1

1 +
(

1−p0j
p0j

)
exp

(
− nj

2Ã2µ
2
j

)
exp

( nj

2Ã2 (µj − 1)2
)

=
1

1 +
(

1−p0j
p0j

)
exp

[nj

Ã2 (
1

2
− µj)

] .

Computing the odds-ratio of the posterior yields

pj

1− pj
=

1
1−p0j
p0j

exp
(nj

Ã2

[
1

2
− µj

])

=
p0j

1− p0j
exp

(
nj

Ã2

[
µj −

1

2

])
.

Taking the logarithm leads to Lemma 1. QED.

Asymptotic properties of the posterior belief

From Lemma 1, we know that p̃j < p if and only if µ̃j < 1

2
+ Ã2

nj
∆p, where ∆p =

ln
(

p
1−p

)
− ln

(
p0j

1−p0j

)
. Since the distribution of µ̃j is a mixture of normal distributions

N
(
1, Ã

2

nj

)
and N

(
0, Ã

2

nj

)
, the cumulative distribution function of p̃j is given by

Fp̃j(p) = Fµ̃j
(µ) = p0jΦ

(
∆pÃ√
nj

−
√
nj

2Ã

)
+ (1− p0j)Φ

(
∆pÃ√
nj

+

√
nj

2Ã

)
.

where Φ denotes the cdf of the standard normal.
Next, let ε > 0. We have:

P (|p̃j − p̃∞| > ϵ) = p0jP (pj < 1− ϵ|³j = 1) + (1− p0j)P (pj > ϵ|³j = 0)

Analyze the convergence of each term separately:

lim
nj→∞

P (pj < 1− ϵ|³j = 1) = lim
nj→∞

Φ

(
∆1−ϵÃ√

nj

−
√
nj

2Ã

)
= Φ(−∞) = 0,
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lim
n→∞

P (pj > ϵ|³j = 0) = 1− lim
nj→∞

Φ

(
∆ϵÃ√
nj

+

√
nj

2Ã

)
= 1− Φ(∞) = 0,

which implies

lim
n→∞

P (|p̃j − p̃∞| > ϵ) = 0.

which proves that p̃j converges in probability to p̃∞. QED.

Proof of Theorem 1

From Lemma 3, compute the derivative of ¶(nF ):

¶′(nF ) = − p0Fφ

(
∆Ã√
nF

−
√
nF

2Ã

)(
−1

2

∆Ã

n
3/2
F

− 1

2

n
−1/2
F

2Ã

)

− (1− p0F )φ

(
∆Ã√
nF

+

√
nF

2Ã

)(
−1

2

∆Ã

n
3/2
F

+
1

2

n
−1/2
F

2Ã

)
,

where φ(.) is the pdf of the standard normal distribution.
Multiplying by 2Ã

√
nF , we see that ¶′(nF ) > 0

⇔ − p0Fφ

(
∆Ã√
nF

−
√
nF

2Ã

)(
−∆Ã2

nF

− 1

2

)

− (1− p0F )φ

(
∆Ã√
nF

+

√
nF

2Ã

)(
−∆Ã2

nF

+
1

2

)
> 0,

⇔ ∆Ã2

nF

[
p0Fφ

(
∆Ã√
nF

−
√
nF

2Ã

)
+ (1− p0F )φ

(
∆Ã√
nF

+

√
nF

2Ã

)]

+
1

2

[
p0Fφ

(
∆Ã√
nF

−
√
nF

2Ã

)
− (1− p0F )φ

(
∆Ã√
nF

+

√
nF

2Ã

)]
> 0.

To further simplify this inequality, it is useful to note that:

φ
(

∆Ã√
nF

−
√
nF

2Ã

)

φ
(

∆Ã√
nF

+
√
nF

2Ã

) =exp

[
−1

2

(
∆Ã√
nF

−
√
nF

2Ã

)2

+
1

2

(
∆Ã√
nF

+

√
nF

2Ã

)2
]

= exp(∆)

=
r

1− r

1− p0F

p0F
.

Thus, dividing both sides of the inequality by φ
(

∆Ã√
nF

+
√
nF

2Ã

)
(1− p0F ) yields:

⇔ ∆Ã2

nF

[
p0F

1− p0F
exp(∆) + 1

]
+

1

2

[
p0F

1− p0F
exp(∆)− 1

]
> 0,
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⇔ ∆Ã2

nF

[
r

1− r
+ 1

]
+

1

2

[
r

1− r
− 1

]
> 0,

⇔ ∆Ã2

nF

+ r − 1

2
> 0.

Therefore, ¶′ > 0 if ∆ > 0 and r > 1

2
. The probability to be regulated is everywhere

increasing when p0F < r and r > 1

2
. Similarly, ¶′ < 0 if ∆ < 0 and r < 1

2
, and the probability

of being regulated is everywhere decreasing when p0F > r and r < 1

2
.

Next, suppose that ∆(r − 1

2
) < 0. In this case, ¶′(n) = 0 ⇔ n = n̂ = ∆Ã2

1

2
−r
. Thus, if

1

2
< r < p0F , we have:

- ¶′(nF ) < 0 when nF < n̂.

- ¶′(nF ) > 0 when nF > n̂.

Symmetrically, if p0F < r < 1

2
, we have:

- ¶′(nF ) > 0 when nF < n̂.

- ¶′(nF ) < 0 when nF > n̂.

QED.
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Bramoullé, Yann, and Caroline Orset. 2018. “Manufacturing Doubt.” Journal of En-
vironmental Economics and Management, 90: 119–133.

Cheikbossian, Guillaume, and Houda Hafidi. 2022. “Lobbying, Public Persuasion, and
Environmental Policy under Imperfect Competition.” Annals of Economics and Statistics,
, (145): 91–116.

Chiroleu-Assouline, Mireille, and Thomas P Lyon. 2020. “Merchants of Doubt: Cor-
porate Political Action when NGO Credibility is Uncertain.” Journal of Economics &
Management Strategy, 29(2): 439–461.

Cotton, Christopher. 2012. “Pay-to-Play Politics: Informational Lobbying and Campaign
Finance Reform When Contributions Buy Access.” Journal of Public Economics, 96: 369–
86.

Cotton, Christopher S, and Arnaud Dellis. 2016. “Informational lobbying and agenda
distortion.” The Journal of Law, Economics, and Organization, 32(4): 762–793.

Fabbri, Alice, Alexandra Lai, Quinn Grundy, and Lisa Anne Bero. 2018. “The
Influence of Industry Sponsorship on the Research Agenda: a Scoping Review.” American
Journal of Public Health, 108(11): e9–e16.
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Foucart, Stéphane. 2013. La fabrique du mensonge. Comment les industriels manipulent
la science et nous mettent en danger. Éditions Denoël.
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