Physica A 516 (2019) 346-355

Contents lists available at ScienceDirect

TaTEnEA Micunics

[T
i 113 AppiATORS

Physica A

journal homepage: www.elsevier.com/locate/physa =

Inter-event time interval analysis of organizational-level N

Check for

activity: Venture capital market case
Xin Zhang *>*, Sheng Xie ?, André L.M. Vilela“, H. Eugene Stanley "

2 College of Communication and Transport, Shanghai Maritime University, Shanghai 201306, China
b Center for Polymer Studies and Department of Physics, Boston University, Boston, MA 02215, USA
¢ Universidade de Pernambuco, Recife, PE 50720-001, Brazil

HIGHLIGHTS

e Organizational level behavior shows a similar heavy-tail property in inter-event time distribution as individual level actions.
o Investing and fund-raising activities are both of weaker burstiness and stronger memory effect.
e More active firms exhibit stronger burst and memory effect in the investing and fund-raising behavior.

ARTICLE INFO ABSTRACT

Article history: Examining the venture capital market as a representative case, we made the first empirical
Rece@ved 22 May 2018 study about timing and rhythm in organizational behavior. We analyze inter-event time
Received in revised form 8 August 2018 intervals and find that the fat-tailed property of organizational behavior is similar that

Available online 20 September 2018 found in individual behavior, but that its lower scaling exponent indicates it is more

heterogeneous than individual behavior. We quantify the observable burst and memory

{;?Q/rv_oerj;t time distribution effect in organizational behavior. The burst effect occurs when organizations make frequent
Complex system business deals during a short time period. This is a potential factor affecting economic
Organizational behavior cycles and market turbulence. The memory effect occurs when future organizational
Temporal network behavior correlates with past behavior, which potentially allows the prediction of future

behavior. We find fewer bursts and a stronger memory effect in organizational behavior
than in individual behavior. This difference may be related to resource constraint, business
routine, and market competition. These findings shed light on the changeable features
of organizational behavior and economic system. We drew a necessity to extend study
on human dynamics to organization dynamics by exploring real organizational data in
a wide range and proposing a mechanism to better modeling organizational behaviors.
Understanding the temporal characteristics of organizational behavior is essential to un-
derstanding economic complexities.

© 2018 Published by Elsevier B.V.

1. Introduction

We can understand the economic world as a complex adaptive system with a number of interacting agents, including
investor groups, firms, government agencies, banks and financial institutions, factories, and so on. The behavior of these
organizations shapes economic patterns, politics, and society. Their dynamics strongly affect economic crises, financial
system stability, industry transformations, and patterns of social welfare [1-6]. Understanding the nature and origin of
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organization behavior is essential in the development of effective industrial practices, and it has been the topic of study
for researchers in economics, management, political science, and sociology.

The investigation of temporal patterns in human activities, in particular the inter-event time characteristics of human
behavior, has been widely studied by researchers in statistical physics and complex system theory in recent decades [7-
10]. The literature on the inter-event time distribution of human behavior is vast and has been reviewed in detail [11-13].
Dynamic patterns including heavy-tail distributions, burstiness, and memory characterize human behavior. These features
are found in such individual human interactions as e-mail and letter communications, face-to-face contacts, online social
media contacts, mobile phone calls and text messages, massive multiplayer online games, and financial transactions [ 14-23].
These patterns were also found in non-interactive human behaviors, e.g., searching and editing online, using a library, and
human mobility [24-29].

All of these observations are based on an analysis of individual human behavior. Organizational decisions are made by
groups of individuals, and there are thus similarities between organizational behavior and individual behavior, but organi-
zational decisions are also influenced by other factors, including organizational structure, business routines, conditions of
competition, and resource constraints. We thus need to know whether the heavy-tails, burstiness, and memory dynamics
observed in individual human behavior are also present in organizational behavior, how they are the same and how they
differ. Our next step is to examine the temporal patterns of organizational behavior. Compared to the data on individual
human behavior made widely available through the expanding Internet, data on organizational behavior is difficult to obtain.
Perhaps this explains why inter-event time studies of organizational behavior are rare.

We here carry out an empirical analysis of the venture capital (VC) market to uncover the rules governing the dynamics
of organizational behavior. Venture capital provides start-up funds to the small business, enabling them to grow. The goal of
venture capital investors is to identify future market leaders while they are in their early stages and to thus maximize their
eventual return on their initial investment. Venture capital firms are intermediaries that link financial markets and product
markets to promote industry innovation, but venture capital firms can also display herd behavior that causes overheated
investment and asset bubbles.

We here analyze dynamic patterns in the behavior of the venture capital firms. Section 2 describes the dataset and its
statistical properties. Section 3 analyzes the inter-event time probability density of venture capital firms. Section 4 presents
a study of the burst and memory effects in venture capital firms, in particular, the similarities and differences between
organizational behavior and individual behavior. Section 5 presents conclusions and final remarks.

2. Data description

We use the activity records of the Chinese venture capital market from 1998 to 2017 that provide venture capital
investment data and venture fund-raising data. The first quantifies the venture capital investment in early-stage companies
in exchange for equity or ownership. Each record provides the name of the venture capital firm and the date when the
investment is made. The dataset includes 1561 venture capitalists and 17253 investment activities. The fund-raising data
provides the source and amount of venture capital funds from wealthy individuals, pension funds, insurance companies,
family offices, foundations, and other pools of cash. Each fund-raising record provides the name of the venture capitalist
who sells the fund and the date that the fund is open to potential investors. This dataset includes 794 venture capital firms
and 3197 fund-raising activities. We acquired all of this data from the China Venture database (https://www.chinaventure.
com.cn/), which contains over 90% of all venture capital investing and fund-raising events

Fig. 1 shows the distribution of investment and fund-raising activities. Most venture capital firms make fewer than ten
investments and carry out fewer than ten fund-raising events during each observation period, but a few extremely active
firms make and carry out many more of both. The event number distribution of both datasets deviates from a normal
distribution and fits a power-law decay. We find the approximate power-law scaling exponent to be —2.09 and —2.65
respectively for investing and fund-raising. The exponents are estimated by using power law fitting method proposed by
Newman et al. [30]. All the power-law exponents reported in this paper are obtained by such a method.

This result agrees with previous studies on human dynamics and firm scale distribution, indicating that there is no way
to average the activities of all venture capital firms [31,32]. Thus our result also indicates that traditional approaches that
use an average value and variance do not reflect the heterogeneity of venture capital market.

3. Inter-event time interval distribution

In our dataset we denote each investment and fund-raising activity an “event” and build an event sequence E(t;) for each
firm. We define the inter-event time t; to be the time interval between two consecutive events made by a same venture
capital firm

T=1t—tiq, (1
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Fig. 1. The probability density function of event number of (top) investing dataset and (bottom) fund-raising dataset on log-log axes. The horizontal axis
denotes the event number of each single venture capital firm, and the longitudinal axis denote the probability density of event number. Red line shows the
fitted power-law distribution with exponents obtained through power law fitting model by Newman et al.

where the unit of inter-event time is a day. If two events occur on the same day, we classify them as one event. We thus
obtain a sequence of inter-event time interval

S(t)=11, T2, ..., Tn1, (2)

where the number of events n > 2. From this sequence we compute the probability density function of inter-event time
intervals, i.e., the inter-event time interval distribution P(7). In traditional behavior analysis, event occurrence is assumed
to be a Poisson process in which the probability that n events occur within a bounded interval follows the distribution
Ale™*
S (3)
n!

where 1 is the average number of events per interval, which here is equal to the variance of the distribution. In a random
and homogeneous Poisson process, the inter-event times are exponentially distributed [33]
P(r) = ie—f“”, (4)
()
where ¢ = (7). In many empirical processes in nature and society, inter-event time distributions have heavy tails that
range over several magnitudes. Here the fluctuations characterized by the variance o are much larger than the average (),
indicating that P(t) for real data is not an exponential distribution.
Fig. 2 shows the inter-event time distribution of one venture capital firm for consecutive investments and fund raising
activities. The inter-event time distribution of both activities exhibits heavy-tail behavior, which is closer to a power-law
distribution than an exponential distribution. The Kolmogorov-Smirnov distances [30] between the fitted portion of these

P(n)




X. Zhang et al. / Physica A 516 (2019) 346-355 349

10_1 L L] . P(T) ~ 7_-1 -35
® N e
‘N
‘.\-'
1072} Mt ]
E X'-' .
a .
N .,
o=y,
108t ———s o 1
e ¢
\
S
10 ‘ ‘ ‘
10° 10" 10? 10° 104
Inter-event time 7
-0.58
PN P(m) ~7 |
10 AERN
~
~
<,
Ne
N
E :..} e 5
o Ve

1073 : :
10" 102 10° 10%
Inter-event time 7

Fig. 2. The distribution of the inter-event time intervals for the venture capital firm (top) investing and (bottom) fund raising activities on log-log axes.
Red dash line represents the fitted power-law function with exponent —1.35 and —0.58 respectively.

two datasets and the fit are smaller than 0.05, indicating they both obey a power-law distribution. Thus
P(t)=1t"%. (5)

For investment events, we obtain a scaling exponent o = 1.35, the approximate exponent of the first universality class
that includes WWW browsing, e-mail usage, and book checking activities proposed by Barasin [34]. For fund-raising events
the exponent is « = 0.58, a value seldom found in individual human data. In the Karsai et al. review of the empirical study
of human dynamics, the « value of most human activities is >0.8 [11].

Although this indicates that most venture capital firms make investments or sell funds within a short period of time,
we still see long waiting times, consistent with the most individual human inter-event time distributions. We find that
the longest waiting time is ~17 years for investing and 15 years for fund-raising. Although the average time interval
here is approximately six months for investing and twelve months for fund-raising, it fails to reflect the heterogeneity of
organizational behavior.

4. Burst and memory effect
4.1. Burst effect

The temporal activity patterns of social and natural systems, e.g., human correspondence and earthquakes, exhibit burst
behavior in which many events rapidly occur within a short period of time followed by a long period of time in which there
are few or no events. There have been many studies investigating burst patterns in human behavior [35-39].

We here examine whether venture capital investing and fund-raising exhibit burst effects. The power-law-like distribu-
tion of inter-event times for consecutive organizational activities indicates burst effects in organizational behavior dynamics.
Fig. 2 shows that most organizational activities occur in fewer than 100 days.
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Fig. 3. Histogram of burstiness calculated for (a) investing activities and (b) fund-raising activities. Bars show density and red line represents the cumulative
density of parameter B.

We apply the measurement parameter B proposed by Goh and Barabasi to quantify the burst level in venture capital firm

behavior [36]. Here the burst level of a venture capital firm is defined

p= 72— {0 (6)

o+ (1)

where o and (t) are the standard deviation and mean value of the series of inter-event time intervals, respectively. The
magnitude and the sign of B are related to the burst level of an inter-event time interval sequence. The highest burst
level signal is denoted B = 1 and a neutral sequence is denoted B = 0. When B = —1 the corresponding sequence is a
completely regular (periodic) sequence. When B is positive, the standard deviation o is greater than the mean value (t),
i.e., the series has a higher burst level when B is close to unity. In contrast, when B is close to —1 the series becomes more
regular.

We calculate the parameter B for the investing and fund-raising data of each venture capital firm. Fig. 3(a) and (b) show
the frequency distribution of B for investing and fund-raising, respectively. The average B value is 0.25 for investing and 0.27
for fund-raising. The red curve is the cumulative distribution of B, and we conclude that B is positive in &~ 90% of venture
capital firm investing and fund-raising, indicating that both activities exhibit burst behavior. Note that when investing 50%
of venture capital firms exhibit B < 0.2, indicating a relatively weak burst effect. When fund-raising ~ 70% of venture capital
firms exhibit B > 0.2, indicating a strong burst effect.

These results indicate that fund-raising events are clustered within short time intervals, and that investing is more
uniformly distributed over time. This difference may be because investment requires a higher resource level than fund
raising, and this constrains the investment frequency into short time periods. The average B value for activities in venture
capital firms is approximately the same as that for such individual human activities such as email usage, library patronage,
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Fig. 4. Histogram of memory effect parameter M calculated for (a) investing activities and (b) fund-raising activities. Bars show density and the red line
represents cumulative density.

call center recording, and making phone calls, with B ranging from 0.2 to 0.3 [40]. In addition, the burst effect in venture
capital investing and fund-raising is much weaker than the burst effect in such individual online interactions as participating
in virtual worlds and editing Wikipedia—both of which have an average B value much higher than 0.5 [22].

We also calculate the Pearson correlation coefficient between the burst effect level and event level in both venture capital
datasets. This coefficient C is defined

Cov(X,Y
o Coux.Y)

OxOy

(7)

where Cov(X, Y) is the covariance, X the series of burst levels B; for venture capital firm i, and Y the series of event number
N;. We find that the correlation coefficient C in investing and fund-raising are 0.27 and 0.38, respectively, indicating that the
greater the number of transactions, the stronger the burst effect.

4.2. Memory effect

We here investigate whether there is a memory effect in venture capital firm behavior. To measure memory we calculate
the short term memory coefficient M, defined [36,41]
—1
nz: (ti — my)(Tip1 — My)

0102

1
n — 1

M =

: (8)

i=1
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Fig. 5. M value of each venture capital firm for real event sequence and corresponding random shuffled sequence. (a) for investing dataset and (b) for
fund-raising dataset.

where n, is the number of time intervals measured from the event sequence, and m; (im;) and o7 (03) are the average and
the standard deviation of inter-event time interval sequences,

Sit) =11, 72, ..., Tu—2, 9)

and
S(tip1) =11, 72, -+, Tn—2- (10)

The memory value M ranges from —1 to 1. When M > 0.2 there is a significant positive correlation between series S; and
S,, where a short (long) inter-event time is followed by another short (long) inter-event time. When M < —0.2 there is a
negative correlation between series S; and S, and a short (long) inter-event time is followed by a long (short) inter-event
time. There is no significant memory effect for the M values in the closed interval between —0.2 and 0.2.

Fig. 4 plots the distribution of M for both investing and fund-raising. We find a high skewness, that ~ 45% of the investing
activities have an absolute value higher than 0.2, and that the average M is 0.24. In fund-raising we also find that ~ 70% of
the venture capital firms exhibit M > 0.2 and that the average value is 0.45.

Previous studies of individual human behavior found a very low or negligible short-term memory, with M values between
—0.15 and 0.15 [42,43]. Empirically we find that M > 0.2 for most venture capital investing and fund-raising events,
indicating that firm behavior exhibits a stronger short-term memory than individual human behavior.

To determine whether the high short-term memory effect exhibits a power-law distribution, we compare the frequency
of M for a real event series with a random shuffled series. We shuffle the data of the inter-event series but preserve its
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Fig. 6. The memory-burstiness phase diagram for venture capital firms’ investing and fund raising activities. The horizontal axis denotes parameter M
used to quantify memory effect, and the longitudinal axis denotes parameter B quantifying burst effect. Each point represents a venture capital firm.

distribution. We first extract a series of inter-event time intervals for each venture capital firm and then shuffle the sequence
of extracted series to create a shuffled version of the real sequence. This shuffling destroys any temporal correlations in the
original event sequence, including the temporal burst event patterns, and assigns a random time to each event over the
observation time window. We perform this shuffling 30 times each series and calculate the mean value of memory parameter
M.

Fig. 5 shows M for real activities in which the data fluctuate in a broad range and the average M value for the corresponding
shuffled data series is close to zero. We find that the memory effect of inter-event time intervals in organizational behavior
is not driven by its power-law distribution.

We also calculate the correlation coefficient C between the number of events and the memory effect. We find that for
investing C = 0.17 and for fund-raising C = 0.31. As in burst effects, when there are more events the memory effect is
stronger. This may be because when the growth of a venture capital firm reaches a certain scale it adopts its own investing
and fund-raising rhythm, which must be strictly followed, and this creates memory effects in which future time intervals
are influenced by previous short-term time intervals.

4.3. Memory-burst effect diagram

We study venture capital firm density over the memory-burst diagram to find the behavior patterns of most firms. Fig. 6
shows that the investing and fund-raising patterns of most firms are in the high-M, mid-B region of the (M, B) phase diagram.
This differs from previous individual human behavior studies that find low-M and high-B [40,43,44].

This indicates that organizational and individual human behaviors have different temporal patterns. The latter has a
higher burst effect and a weaker memory effect. This may be because (i) both investing and fund raising are relatively rational
decisions made by a groups of people instead of spontaneous and emotional decisions made by individuals, (ii) organizational
activities have a higher resource cost than individual human actions, and this constrains short-term organizational behavior,
and (iii) organizations tend to follow specified business strategies and routines and this creates a memory effect.

5. Conclusion and outlook

We have empirically studied the investing and fund raising behavior of venture capital firms in China using an inter-
event time interval analysis. Both the investing and fund-raising inter-event time interval distributions have fat-tails and
- contradicting the traditional exponential distribution - they follow a power-law distribution. The scaling exponent of
investing is 1.35, which is approximately the same as that of individual human behavior, but the scaling exponent of
organizational fund-raising is 0.58, which is outside the range of most human behavior.

We find that venture capital firm behavior exhibits burst effects in which many investments are fund-raising events occur
within a short time period that is following by a long silent period. This behavior is similar to individual human behavior,
but the burst level in organizational behavior is lower than in individual human behavior. This may be because organization
activities have a higher resource cost - in capital, human resources, and information - that constrains the burst level, a
constraint that much less affects individual human behavior. In venture capital firms the burst effect also correlates with the
number of organizational activities. The greater the number of firm activities, the stronger the burst effect levels.
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Short term memory effect in an inter-event time sequence indicates that the current waiting time interval is dependent on
the previous time interval. When an inter-event time sequence has a positive memory effect, the short (long) time intervals
are followed by other short (long) time intervals. Most individual human behavior has a weak, almost negligible short-
term memory effect, but the investing and fund raising of organizations have a strong short-term memory effect. This may
because organizational actions are strongly affected by defined company routines and strategies that strengthen the short-
term memory effect.

This is a first attempt to understand the temporal characteristics of organizational behavior through an analysis of the
venture capital market. We conclude that organizational behavior exhibits a wide range of temporal patterns that reflect a
variety of mechanisms described in previous studies of human dynamics.

There are many organizational activities in the real-world economy that await future study. The dynamics of organiza-
tional behavior are as strong a factor as the dynamics of individual human behavior in understanding the rapid transitions
in our fast-changing world.

Acknowledgments

This work was supported by Project 71601112 by National Science Foundation of China, and Shanghai Pujiang Program,
China via Grant 15PJC061, UPE, Brazil (PFA2016, PIAEXT2016) and the funding agencies FACEPE, Brazil (APQ-0565-1.05/14),
CAPES, Brazil and CNPq, Brazil. The Boston University Center for Polymer Studies is supported by NSF, United States Grants
PHY-1505000, CMMI-1125290, and CHE-1213217, by DTRA, United States Grant HDTRA1-14-1-0017, and by DOE, United
States Contract DE-AC07-051d14517.

References

[1] F.Schweitzer, G. Fagiolo, D. Sornette, F. Vega-Redondo, A. Vespignani, D.R. White, Economic networks: The new challenges, Science 325 (5939) (2009)
422-425.
[2] E.Ostrom, Beyond markets and states: polycentric governance of complex economic systems, Amer. Econ. Rev. 100 (3) (2010) 641-672.
[3] P.W. Anderson, The Economy as an Evolving Complex System, CRC Press, 2018.
[4] R.Du, G.Dong, L. Tian, M. Wang, G. Fang, S. Shao, Spatiotemporal dynamics and fitness analysis of global oil market: Based on complex network, PLoS
One 11(10) (2016) e0162362.
[5] R.Du,Y.Wang, G.Dong, L. Tian, Y. Liu, M. Wang, G. Fang, A complex network perspective on interrelations and evolution features of international oil
trade, 20022013, Appl. Energy 196 (2017) 142-151.
[6] X.Zhang, L. Feng, Y. Berman, N. Hu, H.E. Stanley, Exacerbated vulnerability of coupled socio-economic risk in complex networks, Europhys. Lett. 116
(1)(2016) 18001.
[7] A.-L.Barabasi, The origin of bursts and heavy tails in human dynamics, Nature 435 (7039) (2005) 207.
[8] D. Rybski, S.V. Buldyrev, S. Havlin, F. Liljeros, H.A. Makse, Communication activity in a social network: relation between long-term correlations and
inter-event clustering, Sci. Rep. 2 (2012) 560.
[9] A.Vazquez, B.Racz, A. Lukacs, A.-L. Barabasi, Impact of non-Poissonian activity patterns on spreading processes, Phys. Rev. Lett. 98 (15) (2007) 158702.
[10] Z.Yang, A.-X. Cui, T. Zhou, Impact of heterogeneous human activities on epidemic spreading, Physica A 390 (23-24) (2011) 4543-4548.
[11] M. Karsai, H.-H. Jo, K. Kaski, Bursty Human Dynamics, Springer, 2018.
[12] C.Song, Z. Qu, N. Blumm, A.-L. Barabasi, Limits of predictability in human mobility, Science 327 (5968) (2010) 1018-1021.
[13] P.Holme, J. Saramadki, Temporal networks, Phys. Rep. 519 (3) (2012) 97-125.
[14] R.D. Malmgren, D.B. Stouffer, A.E. Motter, L.A. Amaral, A Poissonian explanation for heavy tails in e-mail communication, Proc. Natl. Acad. Sci. 105
(47)(2008) 18153-18158.
[15] ].G. Oliveira, A.-L. Barabasi, Human dynamics: Darwin and Einstein correspondence patterns, Nature 437 (7063) (2005) 1251.
[16] R.D. Malmgren, D.B. Stouffer, A.S. Campanharo, L.A.N. Amaral, On universality in human correspondence activity, Science 325 (5948) (2009) 1696-
1700.
[17] L.Isella,J. Stehlé, A. Barrat, C. Cattuto, J.-F. Pinton, W. Van den Broeck, What's in a crowd? Analysis of face-to-face behavioral networks, J. Theoret.
Biol. 271 (1) (2011) 166-180.
[18] A. Ferraz Costa, Y. Yamaguchi, A. Juci Machado Traina, C. Traina Jr, C. Faloutsos, Rsc: Mining and modeling temporal activity in social media, in:
Proceedings of the 21th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, ACM, 2015, pp. 269-278.
[19] ]. Candia, M.C. Gonzilez, P. Wang, T. Schoenharl, G. Madey, A.-L. Barabasi, Uncovering individual and collective human dynamics from mobile phone
records, J. Phys. A: Math. Theoret. 41 (22) (2008) 224015.
[20] C. Quadri, M. Zignani, L. Capra, S. Gaito, G.P. Rossi, Multidimensional human dynamics in mobile phone communications, PLoS One 9 (7) (2014)
€103183.
[21] Z.-Q.]Jiang, W.-]. Xie, M.-X. Li, B. Podobnik, W.-X. Zhou, H.E. Stanley, Calling patterns in human communication dynamics, Proc. Natl. Acad. Sci. 110
(5)(2013) 1600-1605.
[22] 0. Mryglod, B. Fuchs, M. Szell, Y. Holovatch, S. Thurner, Interevent time distributions of human multi-level activity in a virtual world, Physica A 419
(2015) 681-690.
[23] D.Boyer, M.C. Crofoot, P.D. Walsh, Non-random walks in monkeys and humans, J. R. Soc. Interface (2011) rsif20110582.
[24] B. Gongalves, J.J. Ramasco, Human dynamics revealed through Web analytics, Phys. Rev. E 78 (2) (2008) 026123.
[25] O.Kwon, W.-S. Son, W.-S. Jung, The double power law in human collaboration behavior: The case of Wikipedia, Physica A 461 (2016) 85-91.
[26] C. Wang, X. Guan, T. Qin, T. Yang, Modeling heterogeneous and correlated human dynamics of online activities with double Pareto distributions,
Inform. Sci. 330 (2016) 186-198.
[27] Q. Guo, J.-T. Han, J.-G. Liu, et al., Collective behaviors of book holding durations, Phys. Lett. A 380 (42) (2016) 3460-3464.
[28] M.C. Gonzalez, C.A. Hidalgo, A.-L. Barabasi, Understanding individual human mobility patterns, Nature 453 (7196) (2008) 779.
[29] C.Song, T. Koren, P. Wang, A.-L. Barabasi, Modelling the scaling properties of human mobility, Nat. Phys. 6 (10) (2010) 818.
[30] A.Clauset, C.R. Shalizi, M.E. Newman, Power-law distributions in empirical data, SIAM Rev. 51 (4) (2009) 661-703.
[31] R.L. Axtell, Zipf distribution of US firm sizes, Science 293 (5536) (2001) 1818-1820.
[32] J.Zhang, Q. Chen, Y. Wang, Zipf distribution in top Chinese firms and an economic explanation, Physica A 388 (10) (2009) 2020-2024.
[33] G.Grimmett, D. Stirzaker, Probability and Random Processes, Oxford university press, 2001.


http://refhub.elsevier.com/S0378-4371(18)31182-8/sb1
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb1
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb1
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb2
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb3
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb4
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb4
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb4
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb5
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb5
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb5
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb6
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb6
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb6
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb7
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb8
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb8
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb8
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb9
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb10
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb11
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb12
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb13
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb14
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb14
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb14
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb15
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb16
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb16
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb16
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb17
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb17
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb17
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb18
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb18
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb18
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb19
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb19
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb19
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb20
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb20
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb20
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb21
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb21
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb21
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb22
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb22
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb22
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb23
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb24
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb25
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb26
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb26
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb26
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb27
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb28
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb29
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb30
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb31
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb32
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb33

[34]

[35]
[36]
[37]
[38]
[39]
[40]
[41]
[42]
[43]

[44]

X. Zhang et al. / Physica A 516 (2019) 346-355 355

A. Vazquez, ].G. Oliveira, Z. Dezsd, K.-I. Goh, I. Kondor, A.-L. Barabasi, Modeling bursts and heavy tails in human dynamics, Phys. Rev. E 73 (3) (2006)
036127.

M. Karsai, K. Kaski, A.-L. Barabasi, . Kertész, Universal features of correlated bursty behaviour, Sci. Rep. 2 (2012) 397.

K.-I. Goh, A.-L.. Barabasi, Burstiness and memory in complex systems, Europhys. Lett. 81 (4) (2008) 48002.

H.-H. Jo, M. Karsai, J. Kertész, K. Kaski, Circadian pattern and burstiness in mobile phone communication, New ]. Phys. 14 (1) (2012) 013055.

R. Lambiotte, L. Tabourier, ].-C. Delvenne, Burstiness and spreading on temporal networks, Eur. Phys. ]. B 86 (7) (2013) 320.

L. Gao, C. Song, Z. Gao, A.-L. Barabasi, ].P. Bagrow, D. Wang, Quantifying information flow during emergencies, Sci. Rep. 4 (2014) 3997.

B. Min, K.-I. Goh, Burstiness: Measures, models, and dynamic consequences, in: Temporal Networks, Springer, 2013, pp. 41-64.

E.G. Altmann, G. Cristadoro, M. Degli Esposti, On the origin of long-range correlations in texts, Proc. Natl. Acad. Sci. 109 (29) (2012) 11582-11587.
Z.Sun, Q. Peng, J. Lv, T. Zhong, Analyzing the posting behaviors in news forums with incremental inter-event time, Physica A 479 (2017) 203-212.
Y. Gandica, J. Carvalho, F.S.D. Aidos, R. Lambiotte, T. Carletti, On the origin of burstiness in human behavior: The wikipedia edits case, 2016, arXiv
preprint arXiv:1601.00864.

H. Kim, M. Ha, H. Jeong, Scaling properties in time-varying networks with memory, Eur. Phys. J. B88 (12) (2015) 315.


http://refhub.elsevier.com/S0378-4371(18)31182-8/sb34
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb34
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb34
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb35
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb36
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb37
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb38
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb39
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb40
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb41
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb42
http://arxiv.org/abs/1601.00864
http://refhub.elsevier.com/S0378-4371(18)31182-8/sb44

	Inter-event time interval analysis of organizational-level activity: Venture capital market case
	Introduction
	Data description
	Inter-event time interval distribution
	Burst and memory effect
	Burst effect
	Memory effect
	Memory–bursteffect diagram

	Conclusion and outlook
	Acknowledgments
	References


