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Abstract: In this paper we present two simple mathematical models to describe human behavior in reaction to dead-
lines. When a real commitment (e.g. money) is involved, as in the case of a payment deadline, the expected
reaction is to postpone it as close as possible to the deadline to minimize the risk of loosing the value. For
low risk commitments this tendency is still present but expected to be looser. In order to test these pre-
dictions in a quantitative way, we performed data analysis for the total number of registrations and fee
payments vs. time for the recent scientific conference “Statphys 23”, comparing it with the data of another
conference in order to recover universal features. Two related models respectively for registrations (weak
engagement) and fee payment (strong engagement) are then introduced which are able to explain in a
simple way both behaviors, and which show an excellent agreement with real data.
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1. Introduction

The study of human behavior in the organization of per-sonal tasks has attracted strong attention in the physicalcommunity in the past few years [1–3]. The motivation ofthis interest relies both in the important applications ofthese studies and in the similarity with important mod-els of self-organized criticality [4, 5]. This has triggered a
∗E-mail: Valentina.Alfi@roma1.infn.it

great activity of mathematical models and researches [4–7].Most of these models are inspired by classical queueingtheory [8, 9]. In the present work we go further in theanalysis and modeling of human dynamics investigatingthe response that an individual gives to a deadline. Thisrepresents an important issue about individual human be-haviors in collective contexts. A full understanding of itcan have major economical implications in the organiza-tion of many collective human activities. This is the case,for instance, of the organization of big conferences wherethe commitment of money and human work is involved, but
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also for yearly payment of taxes and any other campaignwith an opening and a deadline. In all of these casesit would be very important to have a reliable predictionof the final number of participants in a short time fromthe opening of the campaign. In other words one wouldlike to predict the global evolution of the campaign fromits first data. This would permit those in charge to opti-mize the global organization effort and minimize the lossof resources and assets.In July 2007 the XXIII Edition of the “Statphys” Confer-ence, which is one of the major meetings in StatisticalPhysics, and usually with many hundreds of participants,had been held in Genoa. This series of conferences areorganized every three years, each time in a different coun-try and continent. This aspect can make the final numberof participants to be a large fluctuating variable. On theother hand, it is very important for organizers to have,within a short time from the opening, a reliable estimateof the final number of attendees at the conference for or-ganization purposes. Therefore we considered the ideaof analyzing the registration data in view of detecting apossible argument to predict the final number of partici-pants from the earlier data record [10]. As a first step wehave studied how the number of registrations increaseswith time during the first days from the opening of reg-istrations and abstract submissions. Starting from thesedata we would like to predict the further time evolution ofthe registration number and the final attendance numberat the deadline T ∗.With this aim we assume a scaling behavior of this tem-poral law depending only on the initial slope and thedeadline. In order to test it we have also considered thedata corresponding to a different conference (“EP2DS 17”)which has a different deadline and number of participants.We have rescaled the data of the second conference insuch a way to get a meaningful comparison between thetwo data-sets. The data of the two conferences, throughthe scaling hypothesis, are remarkably similar and arecharacterized by an initial linear behavior followed by astrong increase near the deadline. This similarity sug-gests a possible universal behavior in describing how peo-ple react to a deadline. We therefore introduced a simplemodel to describe such behavior. With the simple as-sumption that the probability to register at a certain timeis proportional to the inverse of the remaining time to thedeadline, we are able to describe the registration dataextremely well.We have also analyzed the data for the the payment of theregistration fees to “Statphys 23”. The situation is differ-ent and, due to the implications of real individual assets,one expects a real tendency to postpone the payment to-wards the deadline. The model should then contain a

utility function to describe the tendency to postpone thepayment. We propose a simple microscopic model to ex-plain this mechanism. The result is that one needs anexponential term which describes the tendency to post-pone the task. In Section 2 we describe the data-sets weanalyze. In Sections 3 and 4 we introduce the models todescribe the data referring to registrations and paymentsrespectively. The conclusions and perspectives are drawnin Section 5.
2. Experimental data analysis

In Fig. 1a we show the evolution of the number of regis-trations to the conference “Statphys 23” during the initialdays after the opening. One can notice that the regis-trations increase linearly with time, and a simple linearextrapolation would predict a very small final number ofparticipants (less than 400) at the deadline T ∗. In orderto check this initial behavior we have considered a com-plete data record of the registrations to another conference(“EP2DS 17”).A comparison between the two data-sets is given inFig. 1b. The deadline of the second data-set is indicatedby TEP. Also the second data-set displays an initial lin-ear behavior but the slope becomes steeper approachingthe deadline. The slope of the initial linear behavior isdifferent in the two data-sets. This is due to the fact thatthe second data-set refers to a smaller conference, andhence the final number of registrations is smaller and theinitial slope is flatter. The initial slope is in some waya measure of the “appeal” of a conference. We now as-sume a scaling mechanism behind the temporal behaviorof the registrations, depending only on initial slope anddeadline. In order to obtain a meaningful comparison ofthe two data-sets, the time-scale of the second one havebeen stretched to have a unique deadline (TEP → T ∗)and the data have then been rescaled in such a way thatthe two data-sets get the same initial slope.The result of the re-scaling procedure is shown in Fig. 1c.If such a scaling behavior is expected, we can use therescaled data-set of the registrations to the “EP2DS 17”conference to predict the final number of the participantsto “Statphys 23”. In such an hypothesis, the second data-set predicts a final number of participants to “Statphys 23”which is around one thousand, a number much larger thanthe simple linear extrapolation from the first data (∼ 400).The a posteriori comparison between the two data-sets(with the second one re-scaled) is shown in Fig. 1d. Asexpected, the data of the two conferences overlap remark-ably well. This similarity between the two data-sets, viathe re-scaling procedure, suggests that the way people
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react to a deadline could be described by a universalmechanism solely determined by the initial slope and the deadline.

Figure 1. Comparison between “Statphys 23“ and “EP2DS 17” registration data-sets. (a) shows the number of registrations to the “Statphys 23”
conference during the initial days, showing a linearly increasing behavior. A simple linear extrapolation would give a total number of
participants at the deadline smaller than 400. (b) shows a comparison between the first data from the “Statphys 23 “ conference (circle)
and the complete data record from the “EP2DS 17” conference (square). It is done in such a way to have the same opening day for the
registrations to both conferences, but different deadlines, respectively T ∗ and TEP . Both of the curves display an initial linear behavior.
In order to obtain a meaningful comparison between the two data sets and to predict a reliable final number of participants to “Statphys
23”, in plot (c) the data referring to the “EP2DS 17” (square) have been rescaled to have the same deadline and initial slope as the data
for “Statphys 23” (circle). In this case the prediction estimates around one thousand final participants at “Statphys 23”. Plot (d) shows
the final comparison between the two complete data-sets (with ”EP2DS 17” rescaled, square). The two curves overlap significatively
confirming the accuracy of the previous prediction.

3. Model for registration data

We have just shown that a universal behavior on how peo-ple register to a conference within a deadline is uncoveredby re-scaling the data of the registrations to two differ-ent conferences in a suitable way. This suggests the ex-istence of a possible simple mechanism to describe howpeople react to such a kind of deadline. Our guess is thatthe probability p(t) to register at a given day t from the

opening before the deadline T ∗ (provided that one is notyet registered before t) is inversely proportional to theremaining time to the deadline:
p(t) ∼ 1

T ∗ − t + 1 with t = 1, 2, ..., T ∗ . (1)
This is equivalent to the assumption that the probabilityto register at time t, without having done it before, is uni-form in the remaining time to the deadline and there is
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Figure 2. Comparison with other data records from “EP2DS 17” con-
ference. To analyze the behavior of the registrations as a
function of the time, we have compared the first data from
the “Statphys 23 “ conference (circle) to the complete data
from the “EP2DS 17” conference (square). We have com-
pared the two data-sets in a way that they have the same
opening day for the registrations. The deadlines are dif-
ferent and we indicate with T ∗ the one of “Statphys 23”
and with TEP the other one. We can see that also the
second data-set starts with a linear behavior but the curve
becomes steeper approaching the deadline. We observe
also that the initial slopes of the two data-sets are differ-
ent because the “EP2DS 17” conference is smaller with
respect to “Statphys 23”.

not a real pressure to register in the final days. This as-sumption is based on the fact that the data-sets we haveanalyzed refer only to the on-line registrations to the con-ference which did not need a large level of commitment orrisk of real assets. Consequently, if one is not yet reg-istered at time t, there is no real tendency to postponethe registration towards the deadline. In order to obtainan expression for the number of registrations N(t) at agiven time t before the deadline we can consider the timeevolution of the number of participants which is determin-istically given by
N(t) = N(t − 1) + [M −N(t)]p(t) , (2)

where M is total number of people that are theoreticallyinterested in registering to the considered conference and
M−N(t) represents the pool of people not yet registeredat time t. In the continuous time limit the following simpledifferential equation is obtained:

dN(t)
dt = [M −N(t)]p(t), (3)

which, once p(t) is provided, can be integrated in timeto obtain the number of registrations N(t). Actually wehave tested that, since the number of the whole scientificpopulation theoretically interested in the conference M is

Figure 3. Prediction by re-scaling the data. In order to obtain a
real comparison between the two data sets we have re-
scaled the data referring to the the “EP2DS 17” confer-
ence (square) in a way to have the same deadline and
initial slope of the data of the registrations to “Statphys
23” (circle). In this way, assuming that the re-scaling pro-
cedure is meaningful, we can use the second data-set to
have a prediction on the number of registrations to “Stat-
phys 23” at the deadline T ∗. In this case the prediction
estimates around one thousand of participants, a number
that is much larger than the one of the linear prediction
(∼ 400).

Figure 4. A posteriori comparison. Here we compare the complete
data-sets of the registrations to the two conferences. We
can see that the data of the registrations to “Statphys 23”
conference (circle) and the ones of “EP2DS 17” confer-
ence (square) suitably re-scaled, display a very similar
behavior which suggest for an universal model able to de-
scribe these mechanisms.

much larger than the final number of participants N(T ∗),we can consider the approximation M − N(t) ≈ M. Inthis way, including M in a normalization constant C , wecan estimate the number of registrations by the followingexpression:
N(t) = C

∫ t

1 p(s)ds = C ln( T ∗
T ∗ − t + 1

)
, (4)
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Figure 5. Comparison between registration data and the model. We
plot a comparison between the data of the registrations to
“Statphys 23” conference and the model result given by
Eq. (4) (straight line). We can observe an excellent agree-
ment with little discrepancies due to the weekends effect.

where the constant C is a free parameter that we fixedto get the right total number of registrations Ntot at thedeadline. In Fig. 5 we have plotted the model given byEq. (4) with the data of the registrations to the “Statphys23” conference. As one can see this simple model fitsthe data extremely well with small discrepancies due tothe weekends’ effects. This excellent agreement betweenmodel and experimental data is very interesting becauseit can lead to important practical applications. In partic-ular this result permits prediction of the total number ofregistrations to a conference (or other campaign) by onlylooking at the initial slope and knowing T ∗.We have also analyzed the data concerning the fee pay-ments to the “Statphys 23” conference. The final numberof paying participants reported in this figure is smallerthan the the real number of participants to the conferencebecause we could get only the data for payments by creditcard. Our first idea was to try also to fit these data withthe simple model given by Eq. (4). A comparison betweenthe model and the fee payment data, with C fixed as be-fore, is plotted in Fig. 6. In this case the simple modelis not able to fit the data. In order to understand thisdifferent behavior, we have to consider that when a pay-ment is involved the situation is different from the simpleregistration. The fee payment is a task that can requirea big commitment (find a budget, risk of loosing money,
etc.) and it is also binding for the participation to theconference. In this case, one finds, consequently, a realconvenience in paying during the final days in order tobe really sure to be able to participate. Thus the simplemodel introduced before, which does not take into accountany strong tendency to postpone the payment towards thedeadline, cannot be able to fit the payment data.

Figure 6. Comparison between the payment data and the model.
The payment data (triangles) are compared with the sim-
ple model given by Eq. (4) introduced to describe the reg-
istrations data (straight line). We can see that the model
does not match the data. We suppose that in describing
payment data we have to include a real tendency to post-
pone the commitment towards the deadline.

4. Model for payment data

In this section we introduce a probabilistic model to ex-plain the mechanism of the fee payment. We have seenthat for the registration process the model assumes thatthe probability to register at a given time t is uniformin the remaining time and there is no real tendency topostpone the task towards the deadline. As before men-tioned, this is a rather unrealistic assumption in the caseof payment where people would prefer to pay the last day.Of course this is not always possible as the fee paymentcould conflict with other tasks to execute the same day.Thus if a conference participant cannot pay the last daydue to other tasks to execute, he will look for the clos-est day to the deadline with a level of commitment lowenough to have time and/or possibility to execute the feepayment.
To model this situation we consider the function p(s) ofthe registrations as substituted by g(t) = p(t)r(t) where
p(t) is given by Eq. (1) and r(t) is a measure of the realtendency to postpone the payment towards the deadline.In order to find an expression for r(t) we have considereda quenched disorder to describe the level of commitmentof participants in the days before the deadline T ∗. Weassume that every day t has a random level of commit-ment q(t) ∈ [0, 1] drawn from a probability density func-tion F (q). Assuming that the fee payment implies a levelof commitment q∗, a participant is allowed to execute thepayment the day t only if the total commitment of thisday is less or equal to one which is considered to be the
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Figure 7. Scheme to describe the payment mechanism. In this pic-
ture we schematize the random level of commitments in
the days before the deadline T ∗. In the picture the height
of the columns represents the level of commitment q(t) of
the day t. The task q∗ will be executed in the first day t
before the deadline such that q∗ + q(t) < 1.

maximal commitment per day, that is,{
q∗ + q(t) ≥ 1 cannot execute the task,
q∗ + q(t) < 1 can execute the task. (5)

A scheme which describes this mechanism for the taskexecution is given in Fig. 7. The probability Pout of notbeing able to pay the day t is given by:
Pout = ∫ 1

1−q∗ F (q)dq (6)
and it is independent of t. The quantity r(t) is taken tobe the probability that t is the first day, dating back from
T ∗, of being allowed to pay. That is r(t) is the probabilitythat q∗ + q(t) ≤ 1 while q∗ + q(s) > 1 for every value of
s in the interval [t + 1;T ∗]:
r(t) = Prob[(q∗ + q(t) < 1) T ∗⋂

s=t+1(q∗ + q(s) ≥ 1)]
= [1− Pout ] ∗ [Pout ]T ∗−t , (7)

where we have assumed statistical independence betweenthe commitments q(t) of different days. Some considera-tions on the correlated case are reported at the end of thissection. Eq. (7) can be written in the simple exponentialform
r(t) = [1− Pout ] exp(−T ∗ − tτ

)
, (8)

with a characteristic time
τ = − 1lnPout , (9)

Figure 8. Comparison between payment data and the model. To de-
scribe the payment data (triangles) we have introduced a
model (straight line) which includes explicitly the tendency
to postpone the commitment towards the deadline T ∗. In
this way the model is able to fit the payment data very well.

giving the typical number of days before the deadline oneanticipates the payment 1. Of course τ depends on thedistribution one chooses for the random assignment of thelevel of commitment. In order to permit a comparison withthe experimental data, in analogy with the case of regis-trations, we need to integrate between s = 0 and s = tthe quantity g(s) = p(s)r(s) respectively given by Eq. (1)and (8). In this way, similarly with the simple registrationcase, the total number of people who have paid the feewithin time t is
N(t) = C

∫ t

0 p(s) exp(−T ∗ − sτ

)
ds, (10)

where C and τ are free parameter to be fitted numeri-cally. In Fig. 8 we have plotted the experimental datafor the fee payment together with the number of paymentsobtained by Eq. (10). It is evident that including the expo-nential term the model fits the payment data remarkablywell. Moreover, fitting Eq. (10) to the data, we can extractan estimate of the parameter τ. The result is that peopleon average pay the fee 20 days earlier than the deadline.Note that including a short range correlation between thecommitments q(t) of various days one expects the samekind of result with a τ appropriate to the range of these
1 Note that the same exponential factor can be found on
more general basis by simple informational entropic ar-
guments, by looking for the most entropic probability law
with a finite average time τ of anticipation of payment
from the deadline.
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correlations. In fact, by considering a coarse-grained de-scription of the model, it is possible to see that a similarexponential behavior can be recovered.
5. Conclusions and discussion
In this paper we have studied the behavior of people react-ing to a deadline. We have analyzed the data of the reg-istrations within a deadline to two different conferences.The number of registrations as a function of the time fol-lows a similar behavior for the two data-sets, related by asimple scaling procedure. This suggested the introductionof a simple model able to describe this sort of universalbehavior. Indeed, with the simple assumption that theprobability to register at time t is inversely proportionalto the remaining time until the deadline, we are able todescribe the data extremely well.We have also analyzed the data of the fee payments. Inthis case the situation is different because there is a realconvenience in paying during the final days of the regis-tration campaign to be really sure to be able participateto the conference and to have the budget to do so. Wehave considered these remarks and we have introducedanother simple model where the advantage in paying dur-ing the final days is explicit. In this model the best wouldbe to register at the deadline but, due to a random levelof other tasks in the agenda of each agent, this is notalways possible and it may be compulsory to anticipatethe payment. The result is that the probability to registerat a given time contains an exponential terms that makeshigher the probability to register near the deadline. Byfitting the data we can also have an estimation of thecharacteristic time of the anticipation of the payment withrespect to the deadline. It is about 20 days for our case.The simple approach presented in this paper can be ex-tended to other different applications such as, for instance,a yearly tax campaign. In this case much larger sets ofdata would be available and a stronger test of the scalingassumptions possible. Moreover it is important to notethat our theoretical arguments are based on a simplifiedapproach through which we write directly an equation forthe mean number of participants at a given time. A morerefined approach would correspond to writing a masterequation for the probability P(n, t) of having a number nof subscribers at the campaign (e.g. participants to a con-ference) at time t. This would permit not only to have aprediction of the expected total number of subscribers atthe deadline, but also of the possible stochastic deviationsfrom it. This also can be important a-priori information fororganization purposes. This will be a matter for furtherresearch.
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