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Ambulance chasing is a common socio-scientific phenomenon in particle physics. I argue that de-

spite the seeming complexity, it is possible to gain insight into both the qualitative and quantitative

features of ambulance chasing dynamics. Compound-Poisson statistics suffices to accommodate the

time evolution of the cumulative number of papers on a topic, where basic assumptions that the

interest in the topic as well as the number of available ideas decrease with time appear to drive the

time evolution. It follows that if the interest scales as an inverse power law in time, the cumulative

number of papers on a topic is well described by a di-gamma function, with a distinct logarithmic

behavior at large times. In cases where the interest decreases exponentially with time, the model

predicts that the total number of papers on the topic will converge to a fixed value as time goes to

infinity. I demonstrate that the two models are able to fit at least 9 specific instances of ambulance

chasing in particle physics using only two free parameters. In case of the most recent ambulance

chasing instance, the ATLAS γγ excess, fits to the current data predict that the total number of

papers on the topic will not exceed roughly 310 papers by the June 1. 2016, and prior to the natural

cut-off for the validity of the theory.

CP3-16-06

I. INTRODUCTION

In particle physics, the term “ambulance chasing”

refers to a socio-scientific phenomenon manifest as a

surge in the number of preprint papers on a particu-

lar topic. The phenomenon is usually triggered by the

revelation of a new (typically speculative) experimental

measurement or by a novel theory result, but necessarily

before the result is experimentally confirmed as a “dis-

covery”. There are many examples of ambulance chasing

in particle physics, the most recent of which was initi-

ated by an announcement of a 3.5σ anomaly in the AT-

LAS measurement of the di-photon spectrum around the

invariant mass mγγ = 750 GeV [1].

I believe it is fair to say that the motivation for en-

gaging in ambulance chasing is mostly scientific, with a

strong component of human ambition. I base the first

part of the statement on a personal observation that I

∗ mihailo.backovic@uclouvain.be

have yet to meet a single particle physicist who is pur-

suing a career in physics for any reason other than love

and interest in science. 1 The component of ambition is

likely a product of the unfortunate fact that much about

success in particle physics depends on citation counts and

h-indexes, where ambulance chasing serves as a mecha-

nism for physicists to improve their bibliographic data.

As a product of human behavior, emotion and reason,

ambulance chasing is a complex system governed both by

sociology and science. One would expect that as with any

other dynamical system which has to account for human

behavior, it would be difficult to develop a mathematical

model of ambulance chasing. Yet in rare instances, dy-

namical systems of human behavior are driven by only a

few of the many degrees of freedom and hence possible to

model. In the following sections, I will argue that ambu-

1 One could also come up with this conclusion by examining the

prospects for long term employment in particle physics and elim-

inating possible alternative motives.
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lance chasing is an example of such a dynamical system.

Motivated by the most recent di-photon instance of am-

bulance chasing, I will show that it is possible to study

the dynamics of ambulance chasing in a semi-analytic

framework, as well as that it is possible predict the time

evolution of (at least some) observables associated with

ambulance chasing. Two parameter compound Poisson

models are able to fit the time evolution of the cumula-

tive number of preprint papers on an ambulance chasing

topic. Furthermore, raw data appears to show that in-

stances of ambulance chasing tend to converge to a sim-

ilar time evolution at large times.

Note that the goal of this paper is not to examine the

ethical aspects of ambulance chasing, but to provide some

level of quantitative and qualitative understanding of the

underlying dynamics.

II. AMBULANCE CHASING AS A POISSON

PROCESS

There are many observables one can construct in or-

der to quantitatively describe the dynamics of ambulance

chasing. Here I will focus on the cumulative number of

papers on a topic as a function of time, N(T ). The rea-

sons for choosing the observable are two-fold. First, sums

tend to be more statistically stable and hence easier to

study. Second, cumulative number of papers is an exam-

ple of an observable for which it is possible to obtain real

data in a reasonable amount of time.

Let us begin with a simple assumption that on any day

t, measured from the event which triggers the cycle of

ambulance chasing, the number of papers n on the topic

is a random observable drawn from a Poisson distribution

P (n, t) =
e−µ(t)

n(t)!
µ(t)n(t) ,

where µ(t) is the mean of the distribution at time t.

Next, the probability that at a time T, we observe

N(T ) ≡
∑T
t=1 n(t) papers is described by the compound

Poisson distribution

P (N,T ) =

T∏
t=1

P (n, t)

=

T∏
t=1

e−µ(t)

n(t)!
µ(t)n(t)

=
exp

[
−
∑T
t=1 µ(t)

]
N(t)!

[
T∑
t=1

µ(t)

]N(t)

, (1)

where the last step is a result of the standard theorem

of compound Poisson statistics, which states that a sum

of Poisson distributed random variables is also Poisson

distributed.

Note that the expression in the last line of Eq. (1)

implies that the mean of P (N,T ) is simply

µN (T ) ≡
T∑
t=1

µ(t). (2)

The functional form of µ(t) remains to be determined.

It is reasonable to assume that in ambulance chasing,

both the interest in the topic and the number of available

ideas which have not previously been explored decreases

monotonically with time and should go to 0 as time goes

to infinity. In addition, any quantity which describes

interest and the number of available ideas would by def-

inition have to be positive definite. Hence, the behavior

of µ(t) should be such that

d

dt
µ(t) ≤ 0 ∀ t,

µ(t) ≥ 0 ∀ t,

lim
t→∞

µ(t) = 0. (3)

This leads to an ansatz that µ(t) can quite generically

be written as

µ(t) =


∑∞
k=1

ak
tk

model 1

A exp
(
−
∑∞
k=1Bk t

k
)

model 2
, (4)

where ak, A,B are the constants in time. The generic

expansion of inverse powers in t (model 1) encompasses

more general functional forms, (e.g. µ(t) ∼ tan−1(t)),

while model 2 serves to describe cases where µ(t) might

decrease faster than any power of 1/t. Other than the
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expressions in Eq. (4) I can not think of any other case

which satisfies the conditions of Eq. (3) that is not al-

ready well approximated by models 1 and 2.

The ansatz is surely not perfect as one could easily

imagine situations where the appearance of an ambu-

lance chasing paper will actually induce interest in the

community and hence result in additional publications,

manifest for instance as terms proportional to tn, where

n ≥ 0 in model 1. However, these instances tend not to

last long and result in fluctuations which can be absorbed

into the coefficients.

Let us first examine model 1 in more detail. As t→∞,

the dominant term in the µ(t) expansion is ∼ 1/t, as-

suming that there is no large hierarchy between the coef-

ficients (which should be the case in any natural theory).

At late times, we can hence drop terms with k > 1,

leading to

µN (T ) =

T∑
t=1

a

t
= aH(T ), (5)

where H(T ) is a harmonic number of T .

As harmonic numbers of large arguments scale loga-

rithmically, the immediate implication of Eq. (5) is that

the distribution of N(T ) asymptotically approaches a

Poisson distribution with the mean

lim
T→∞

µN (T ) = c1 + c2 log(T ),

where c1,2 are constants. The logarithmic divergence of

the model is not an issue, as in each ambulance chasing

instance, there exists a cut-off time beyond which the

model is invalid. The cut-off is typically determined by

the time at which the result is either confirmed or refuted,

in which case the assumptions behind the motivation for

µ(t) ∼ 1/t do not hold anymore.

In the above derivation I assumed that time between

two successive data points n(t) flows in uniform discrete

steps. This is not strictly true in practice as the preprint

publication dates are skewed by weekends and holidays.

In order to mitigate this effect, I will introduce another

parameter into the definition of µN (T ) as

µN (T ) = aH(b T ). (6)

The b parameter also helps to capture the effect of higher

k terms in the expansion, which can improve the fit at

smaller T . Note that introducing b into the definition

preserves the characteristic logarithmic form of µN (T ) as

T →∞. The b parameter also analytically continues the

argument of the Harmonic number into the real plane.

This is not a problem, as Harmonic numbers analytically

continue into the real plane via the di-gamma function

ψ(x). In the following, I will continue to use the symbol

H(x), and implicitly assume the analytic continuation.

An analogous calculation using model 2, again keeping

only the leading term ∼ e−t, leads to an expression

µN (T ) = A′
[
1− e−BT

]
, A′ ≡ A

eB·day − 1
. (7)

The behavior of µN (T ) in case of model 2 is quite dif-

ferent in the limit of T →∞, where one finds

lim
T→∞

µN (T ) = A′ = const. ,

implying that model 2 generically predicts lower values

of N(T ) as T → ∞. This is consistent with the model

2 assumption that the interest and available number of

topics will decrease with time faster than any power of

1/t.

III. RESULTS

In order to test the models from the previous section,

I extracted the data on several recent instances of ambu-

lance chasing from the inSPIRE and arXiv repositories,

where I obtained the cumulative number of papers on

a topic as a function of time, N(T ), by extracting lists

of citations to the result which initiated the ambulance

chasing instance. The method is not perfect, as a num-

ber of papers that are not closely related to the topic

will still cite the experimental result. In addition, I only

considered papers which had an arXiv number assigned,
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FIG. 1. Cumulative number of papers on a particle physics topic as a function of time, using model 1. The points show raw

data extracted from the citation counts of papers in Table III. The red line is the fit for the Poisson mean µ(T ) in Eq. (6). The

bands represent the one and two Poisson standard deviations, i.e.
√
µ(T ).

as it was otherwise difficult to determine the date of the

publication in an automated fashion. I expect that these

approximations will result in systematic errors of O(10)

papers in total (per data set) and will hence typically be

smaller than the statistical error.

For each data set, the date on which the result respon-

sible for the cycle of ambulance chasing is announced

can be established as the “zero time.” The choice is not

unique as one could easily repeat the exercise by consider-

ing, say, the date of the first preprint as the starting date

in each data set. Note, however, that none of the general

conclusions in this paper are affected by the choice of the

reference date, as the choice of zero only shifts the data

sets and does not affect any functional forms.

Result Announcement Date arXiv number

ATLAS γγ [1] 15 Dec. 2015 N/A

ATLAS V V [2] 2 Jun. 2015 1506.00962

BICEP2 [3] 17 Mar. 2014 1403.3985

Fermi 130 GeV [4] 12 Apr. 2012 1204.2797

OPERA [5] 22 Sep. 2011 1109.4897

CDF W + 2j [6] 4 Apr. 2011 1104.0699

AFB [7] 30 Dec. 2010 1101.0034

PAMELA e+[8] 8 Oct. 2008 0810.4995

Unparticles [9] 23 Mar. 2007 0703260

TABLE I. Recent instances of ambulance chasing in particle

physics.

Table III shows a summary of the data sets consid-

ered in this paper, together with the dates of appearance
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FIG. 2. Cumulative number of papers on a particle physics topic as a function of time, using model 2. The points show raw

data extracted from the citation counts of papers in Table III. The red line is the fit for the Poisson mean µ(T ) in Eq. (6). The

bands represent the one and two Poisson standard deviations, i.e.
√
µ(T ). The red lines represent the best fit for µ(T ) using

model 1 for reference.

as well as the arXiv number of the original note whose

citation data I use as an estimate of N(T ).

A compound Poisson distribution with a mean of

Eqns. (6) and (7) is able to fit each of the ambulance

chasing instances in Table III, within the 2σ Poisson

bands. Fig. 1 shows the results for model 1, where the

red lines show the fit of the mean in Eq. (6) to the data

and the gray bands show one and two Poisson standard

deviations. In each case, I find that the general functional

form of Eq. (6) fits the time evolution of N(T ) well, and

that the data rarely exceeds the 2σ bands from the fit. In

cases such as OPERA, BICEP 2 and CDF W +2j, where

the result which initiated the cycle of ambulance chasing

was eventually refuted, there should be no expectation

that the model of Eq. (6) fit the data well at later times.

This is simply due to the fact that after the result is re-

futed, the cut-off for the validity of the theory is clearly

reached. Still, the b parameter in Eq. (6) is able to miti-

gate some of this effect and still provide a satisfactory fit

to the data even after the cut-off is reached.

Fig. 2 shows the results of model 2 fits, where I show

the fit to µN (T ) from model 1 as the red line for reference.

In all instances, model 2 appears to fit the overall data

equally well at small T , while the fit obtained with model

2 is often different, and superior at large T . Perhaps the

most striking result using model 2 is the quality of fit in
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FIG. 3. Fit to OPERA and the BICEP 2 data, using only the data up to the announcement of the experimental error.

the case of Unparticles, where the data shows almost no

deviation from µN (T ) using model 2. This is strongly

suggestive of the initially high enthusiasm about Unpar-

ticles which was followed by an exponentially decaying

interest in the topic at later times.

The reason that model 2 in many cases fits the overall

data better than model 1 is likely due to the fact that

model 1 fits in Fig. 1 are performed including the data

beyond the cut-off for the model validity, while model 2

is able to accommodate for the cut-off in a more natural

fashion, as we expect N(T ) ≈ const after the cut-off has

been reached. A more fair comparison between the two

models would have to be done using only the data up

to the cut-off, but it is often non-trivial to determine a

precise date at which the theory breaks down.

The OPERA result is perhaps the best example of a

system with a clearly defined cut-off, where the revela-

tion of an experimental error roughly 190 days after the

original announcement represents a clear cut-off for the

validity of the theory. Fitting the OPERA data up until

the cut-off date provides a better fit to the early time

data in model 1, but is naturally much worse after the

cut-off has been reached, as shown in Fig. 3. Conversely,

fitting model 2 only to the data before the cut-off results

in a significantly worse fit compared to model 1. Another

example is the recent BICEP 2 result, where roughly 320

days after the announcement, a joint PLANCK-BICEP

analysis of the cosmic dust foreground confirmed the long

suspected over-estimate of the BICEP 2 signal. A fit to

the BICEP 2 data using only the points before the joint

announcement is also shown in Fig. 3.

Fig. 3 reveals an important point about the differences

in models 1 and 2. While model 2 appears to be able

to fit the overall data better, the ability of model 2 to

forecast the time evolution of N(T ) appears inferior to

model 1. The reason is that the exponential suppression

of µ(t) characteristic of model 2 typically forces µN (T ) to

a constant soon after the range of the fit data is exceeded.

This can be seen better in Fig. 4 where I used the BICEP

2 data as an illustration. The solid, dashed and dotted

curves show µN (T ) fits to the BICEP 2 data using the

first 30,50 and 70 data points respectively, where model

1 is represented in red, while model 2 is represented in

blue. Fig. 4 suggests that the fit to model 2 is much more

sensitive to the amount of data used in the fit, where in

each instance, the exponential suppression seems to take

over soon after the data used in the fit is exceeded in

time. This occurs because the limit as T →∞ of model

2 is set to a constant by the value of the A′ parameter.

Since the functional form of model 2 is monotonically

increasing, the model can hence only forecast the data

up to N(T ) = A′ number of papers.
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FIG. 4. Forecasting abilities of models 1 and 2. The blue(red)

lines are associated with fits to model 1(2) respectively, while

the solid, dashed and dotted lines represent best fits using the

first 30, 50 and 70 data points respectively.

Conversely, fits to model 1 actually seem to converge

to a sharp prediction as more data is used, as illustrated

by the dashed and dot-dashed curves using 50 and 70

data points respectively (which are virtually on top of

each other). The results in Fig. 4 indicate that model 1

has better forecasting features than model 2 and is hence

more useful in estimating the future N(T ) based on the

current data.

Plotting the data sets together reveals more interesting

features of N(T ). Fig. 5 shows the results. It is fascinat-

ing to notice that with the exception of PAMELA, BI-

CEP2 and CDF W+2j, all N(T ) curves tend to converge

to a similar functional form as t→∞. The OPERA re-

sult seems to converge to the other curves, but this is

likely a coincidence, as the theoretical prediction reached

the cut-off about 200 days after the announcement. Even

though the PAMELA and BICEP 2 data do not match

the pattern, the two sets also seem to be converging to a

common functional form of their own. At the moment,

I have no clear explanation of the convergence, but sus-

pect that it has to do something with the total number

of people in the particle physics community. This could,

at least in part, explain the discrepancy between the col-

lider based results and astro-particle results, as the astro-
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FIG. 5. Top panel: summary of N(T ) curves for 9 instances of

ambulance chasing. The gray(green) band shows the current

fit to N(T ) in case of the ATLAS di-photon result for model

1(2), and illustrates the future projection of N(T ). Lower

panel: The same as the top panel, but emphasizing the region

where the data curves converge. The red crosses represent the

most likely value for the di-photon N(T ) on Jun. 1. and Sep.

1. 2016. for model 1. The dashed curves represent PAMELA

and BICEP 2 data, taking into account only the preprints

with the hep-ph arXiv suffix in order to limit the data to the

contributions from the particle physics community only.

particle results are subject to a larger audience (including

particle, astro-physics and possibly cosmology communi-

ties) and should hence result in a larger overall number of

publications. Indeed, the lower panel of Fig. 5 shows the

PAMELA and BICEP 2 data taking into account only

the preprints with the [hep-ph] label in order to isolate

the contributions from the particle physics community

only. The sub-set of data shows a better agreement with

the overall pattern of convergence at large times.

Fig. 5 also shows the projection for the most recent in-
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stance of ambulance chasing as the gray 2σ band for the

ATLAS di-photon data fit. If model 1 is accurate, the

total number of publications on the ATLAS di-photon

result should not be able to exceed 310(340) papers by

the beginning(end) of Summer 2016, based on the data

from the first 50 days since Dec. 15. 2015. More specif-

ically, the model predicts that the number of papers on

the di-photon resonance on Jun 1. and Sep. 1. 2016

should be 2

model 1 : Nγγ(Jun. 1. 2016) = 271± 33 ,

model 1 : Nγγ(Sep. 1. 2016) = 304± 34 .

The prediction assumes that no significant announce-

ments about the di-photon result, which could be charac-

terized as the cut-off for the theory, appear in the mean

time. It is quite possible that a cut-off for the validity of

the theory will be reached during the Summer of 2016,

as the new LHC results are expected to settle the issue

either during the June conferences, or at the vary least

during the ICHEP conference at the end of July 2016.

IV. CONCLUSIONS

In this paper I argued that despite the complexity of

ambulance chasing as a socio-scientific phenomenon, it

is possible to gain both qualitative and quantitative un-

derstanding of ambulance chasing observables. As an ex-

ample, I have shown that the total number of papers in

ambulance chasing, N(T ), displays simple scaling rules

which assume that the interest in the topic and/or the

number of available ideas on the topic are monotonically

decaying, positive definite functions of time which go to

0 as t→∞.

Somewhat surprisingly, two parameter model fits suf-

fice to accommodate all cases of ambulance chasing I have

2 Live updates of ATLAS di-photon N(T ) and the predictions for

N(T ) at future times can be found on http://cp3.irmp.ucl.ac.

be/~mbackovic/.

considered, up to some statistical fluctuations. The rea-

son why the model is able to fit the data is likely the

same reason why we are able to do any calculations in

physics: time evolution of the dynamical system in ques-

tion is driven only by a few out of a large number of

degrees of freedom (in this case the interest in the topic

and the number of available ideas).

I have analyzed the dynamics of ambulance chasing in

two generic scenarios: one where the assumption is that

the mean of the distribution, µ(t), which describes the

number of papers which appear on any day t scales as an

inverse power of time, and the other where µ(t) decreases

exponentially. It appears that the time evolution of N(T )

is on average better fit by the exponential model, while

the power law model displays superior forecasting ability.

The data on N(T ) seems to display more unexpected

features. Out of 9 instances of ambulance chasing in par-

ticle physics I consider, 5 converge to roughly the same

time evolution at large times. At this moment, this is

only an empirical observation and I have no good expla-

nation for why N(T ) behaves this way. The convergence

of N(T ) to some unique curve could be related to the

finite number of people in a particular field of physics

which is engaged in an ambulance chasing instance. This

could explain why OPERA and BICEP 2 results seem to

converge to a larger overallN(T ), as these results are sub-

ject to communities of particle physics, astro-physics and

cosmology, while the other instances are mostly collider

physics results (with the exception of the Fermi result).

It is also possible that the feature is simply a coincidence,

but at this point I do not have enough statistics to make

this conclusion.

The model is able to predict the time evolution of

N(T ), given an initial stream of data. The current AT-

LAS di-photon data suggests that the total number of

papers will not exceed 310 by June 1. 2016, which I es-

timate should be well before the natural cut-off for the

validity of the theory. More specifically, the model pre-

dicts that N(T ) of the ATLAS di-photon data on the

http://cp3.irmp.ucl.ac.be/~mbackovic/
http://cp3.irmp.ucl.ac.be/~mbackovic/
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date should be described by a Poisson distribution with

the mean µ(T ) = 271 papers.

Forecasting the total number of preprints on an am-

bulance chasing topic could be useful to particle physics

journals. The forecast would allow journals to anticipate

the load of submissions for publication and hence improve

the overall effectiveness of the rejection process.

Finally, it would be interesting to see if the same scal-

ing rules apply in ambulance chasing instances across

academia and the news, as it is possible that the same

underlying assumptions about what drives the dynamics

of ambulance chasing in particle physics apply elsewhere.
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