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Abstract: The study of complex networks has been going on for many years. But because of the difficulty of getting 

a lot of data, most of people used to study static networks in early stage so that they ignored one of the important 

variables, time. However, in recent years, time dimension has become an important aspect when researchers study 

on networks. This report is aimed to study the properties of temporal networks and the influence of the time windows 

by analyzing some properties of two datasets in a static way after dividing the whole network into some subnetworks 

(which are called slices in the following article) 
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1. Introduction 

There are so many networks in our life will change over time such as interaction among people, the deployment 

of WiFi access in a campus and so on. So we have to consider an additional dimension-time when we want to do 

some dynamical research. Different from static networks, temporal networks are those networks whose structure may 

change over time, which means the edges between nodes may appear or disappear during the evolution. 

 At present, the research of temporal networks mainly includes network modeling, statistical characteristics 

analysis, propagation dynamics and related human behavior analysis on such networks. And one of the biggest 

differences between temporal and static networks is that the edges between vertices of temporal networks need not 

be transitive. In static networks, whether directed or not, if A is directly connected to B and B is directly connected 

to C, then A is indirectly connected to C via a path over B. However, in temporal networks, if the edge (A, B) is active 

only at a later point in time than the edge (B, C), then A and C are disconnected, as nothing can propagate from A via 

B to C, which shows the importance of time order [1]. So the study on temporal network usually conducted on the 

premise of time-respecting path, which means that paths are usually defined as sequences of contacts with non-

decreasing times that connect sets of vertices [2]. And for further research, some researchers use community structures 

to divide the temporal networks, or study the whole network without any division. However, when it comes to 

division, it’s not easy to make time windows as small as possible to reduce the influence of time order and make sure 

there is only once interaction between two nodes in a time window. And in the next part, this report will count the 

number of interaction times as the weight of an edge between two nodes, which makes every slice a weighted network. 

By calculating some properties of networks to compare the evolution in different time windows and analyze results 

in combination with reality. What’s more, the report will compare the results of temporal networks with ER model 

networks to get more conclusions. 

 

2. Methods 

The two datasets of this report are from Hypertext 2009 dynamic contact network and Hospital contact network 

(from http://www.sociopatterns.org/datasets/ ). The former one was collected during the ACM Hypertext 2009 

conference. About 110 Conference attendees volunteered to wear radio badges that monitored their face-to-face 

proximity from 8:00am on Jun 29th 2009. And the latter is a temporal network of contacts between patients, patients 

and health-care workers (HCWs) and among HCWs in a hospital ward in Lyon, France, from Monday, December 6, 

2010 at 1:00 pm to Friday, December 10, 2010 at 2:00 pm, which included 46 HCWs and 29 patients. They are tab-

separated lists representing the active contacts during 20-second intervals of the data collection. Each line has the 

form “t i j”, where i and j are the anonymous IDs of the persons in contact, and the interval during which this contact 



was active is [ t – 20s, t ]. If multiple contacts are active in a given interval, there will be multiple lines starting with 

the same value of t.  

All the analysis process was conducted in C language. Firstly, it should be emphasized that the temporal 

networks here are simplified without direction, which is called weak connectivity according to Nicolas ’s definitions: 

two vertices i and j of a temporal network are defined to be strongly connected if there is a directed, time-respecting 

path connecting i to j and vice versa, while they are weakly connected if there are undirected time-respecting paths 

from i to j and j to i, i.e. the directions of the contacts are not taken into account [3]. This report focused on the 

evolution of one dataset and used different time windows such as 3 hours, 6 hours, 12 hours, 24 hours and the whole 

network-48 hours, then counted the number of interaction times and regarded them as the weight of an edge between 

two nodes. After dividing the temporal network into above slices, there may be no interaction in some slices in a day 

so it should be deleted. And in order to keep the unity of two time agglomerations (two days in this report), the 

corresponding slices in another day should also be deleted. Then the rest of the subnetworks could be regarded as 

some static networks to be analyzed. And this report mainly calculated the degree distribution, average degree (named 

“strength” in weighted networks), average clustering coefficient(𝑐𝑖 =
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average shortest distance (Floyd algorithm). 

Secondly, in order to search the relationship between temporal network and other network models, this report 

counted the number of nodes and total weight in every slices, then put them into a ER model network (also a weighted 

network) with p=0.1 and calculated the same properties of network and used the average to make a comparison. 

Thirdly, this report used the methods above to analyze another dataset and kept the time windows same, which 

could make a comparison in different temporal networks and help researcher know more about the evolution of 

temporal networks in different time windows. 

 

3. Results 

After programming and processing data, the related results are as follows: 

(1) Figure 1 and Figure 2 are average results of three properties of temporal network and ER model network in 

different times windows. It shows that no matter what kind of dataset it is, the clustering coefficient in temporal 

network is far more than that value in ER model while the shortest distance has opposite result. And the average 

degree in two kinds of network is almost the same. Figure 3 is the curves of three properties in different time windows 

from 3 hours to 48 hours. And the red curve represents network in ACM Hypertext conference and the blue one is 

the network in hospital. 

 

(Figure 1. ACM Hypertext) 

 



 

(Figure 2. Hospital) 

 

 

(Figure 3. Time windows) 

 

(2) From Figure 4 to Figure 7 are the curves of average clustering coefficient and average shortest distance of every 

slice in different time windows (3h, 6h, 12h) of two datasets. The blue curves are results of temporal networks and 

the red curves belong to ER model networks. The X axis is the label of time slice and the Y axis is property. And 

when it comes to clustering coefficient, the blue curves are higher than red curves and they are undulate obviously. 

But it is totally opposite when it comes to shortest distance. 

 

 

(Figure 4. ACM Hypertext, clustering coefficient) 

 



(Figure 5. ACM Hypertext, shortest distance) 

 

 

(Figure 6. Hospital, clustering coefficient) 

 

 

(Figure 7. Hospital, shortest distance) 

 

(3) From Figure 8 to Figure 11 are degree distribution of every slice in time window of 12 hours of two datasets (just 

use this time window as an example to get the curve). And Figure 12 is the degree distribution in time window of 48 

hours, which is the whole network in this research. As shown in the pictures, the fluctuation of curves is different in 

every slice but there is something common in two datasets. For example, in ACM conference, slice 1 and slice 3 are 

much more undulate than slice 2 and slice 4. There is the same result in Hospital dataset. 

 

 

(Figure 8. ACM Hypertext, 12 hours) 

 



 

(Figure 9. ACM Hypertext, 12 hours) 

 

 
(Figure 10. Hospital, 12 hours) 

 

 
(Figure 11. Hospital, 12 hours) 

 



(Figure 12. Two datasets, 48hours) 

 

4. Discussion 

(1) Small world 

According to the results above, especially from Figure 1 to Figure 7, they all shows that the average clustering 

coefficient in temporal network is larger than that in ER network (more than 100 times) while the average path 

distance is shorter (less than 1/4 times). Such properties are similar to the main idea in small world model. And 

taking these two datasets in reality into account, whether ACM Hypertext conference or hospital contacts, there are 

always some people who have acquaintances in the same network. So it is going to generate some shortcuts among 

interaction, which is exactly the concept of small world. And the results indicated that the temporal networks have 

the characteristic of small world, which could provide another way to study on dynamical research such as 

epidemic.  

(2) Periodicity and paroxysm 

As shown in Figure 4 to Figure 7, the average clustering coefficient and average shortest distance in two 

datasets are fluctuating over time and the curves usually move back and forth between highest and lowest points, 

which may show the paroxysm of the temporal networks. And this reveals that the past and the future in a temporal 

network are not independent, which is also called non-Markov property [4]. Taking the first picture in Figure 3 for 

example, the first peak appears when time slice equals 1 and it means 8:00am-11:00am in time window of 3 hours, 

which is the exact time for meeting, so the contacts among people are frequent and the chance to form clusters may 

increase, which can change clustering coefficient. But when time slice equals 5 (about 23:00pm), people may have 

a rest and the chance to form clusters may decrease. And the shortest distance has the similar analysis. 

In Figure 8 to Figure 11, the degree distribution of different slices of two datasets are changed obviously over 

time but there are still some rules. For instance, both the first slice and the third slice are more undulate than the 

second slice and the forth slice in ACM Hypertext network and hospital network, which may show the periodicity 

of the temporal network. 

Whether periodicity or paroxysm has illustrated that the interaction between nodes in a temporal network is 

not all the same. It may be active sometimes but inactive in other intervals, and these changes eventually make up 

the whole network, which provides the further evidence of the importance of taking time dimension into account to 

do research on evolution of complex network. 

(3) The influence of different time windows  

According to the Figure 1 to Figure 3, especially in Figure 3, it is found that different time windows can have 

different values of properties. The average degree in two datasets are all increasing with the increase of time 

window and it is caused by the number of nodes in different time windows. However, the change of other two 

properties of two datasets are different. In ACM Hypertext conference, the curve of average clustering coefficient is 

full of ups and downs sharply but the curve of shortest distance is almost decreasing with the increase of time 



windows. And in hospital network, the curve of average clustering coefficient is almost decreasing while the curve 

of shortest distance is fluctuating slightly. 

Even though the specific influence on properties of two networks are kind of different, the results still indicate 

that different time windows can influence the properties of a network because of the change of interaction among 

people over time, which means people should choose the proper time windows when they want to study on 

temporal network. 

(4) Results and reality 

Results above are analysis of some data, and what’s the relationship between such results and human activities 

in reality? First, what should be emphasized is that both of these datasets are “closed” systems that a group of 

individuals gathers and interacts in a repeated fashion [5]. In ACM Hypertext conference, 110 attendees almost enter 

and leave the hall together every day. At that time, most of them will form some clusters which leads to the small 

world. And it is obvious that the trace of their behavior during the whole conference is regular such as meeting, 

having a meal or sleeping, which results in periodicity and paroxysm.  

The similar explanation is also feasible for hospital network. According to the paper about this dataset [6] , 

8:00am -- 17:00pm is the most crowded period in a day and 14037 contacts were recorded overall, 94.1% of which 

during daytime, which leads to the result such as the first picture in Figure 6 — the peak appears at slice 1,slice 6 

that correspond to 13:00-16:00pm and 7:00-10:00am. In addition, the nurses or doctors have to go to the wards to 

visit their patients and take care of them every day so there must be interaction among them. Above repeated situations 

in hospital can result in the properties of small world and periodic evolution. 

(5) limitations 

There are still some limitations in this report for some reasons. Firstly, regarding the interaction times as the 

weight of edges mainly focuses on the importance of contacts but ignores the time when these contacts happen, 

which is related to transition in temporal network again. It means the time window is not small enough so it must 

have some inevitable error when the subnetworks are analyzed in a static way. And such error about clustering 

coefficient may be reduced if use the definition of temporal-weighted clustering coefficient proposed by Jing Cui, 

Yi-Qing Zhang and Xiang Li [7] since it takes the existing duration of triangles into consideration. 

Secondly, no matter how many nodes in the slice, the report always generated a ER network with probability 

equals 0.1 while there is a threshold 𝑝𝑐~
𝑙𝑛𝑁

𝑁
 which can decide the connectivity in ER model network, so it may 

lead to some errors. For example, when N equals 23 in ACM Hypertext the threshold is about 0.13 but when N 

equals 96 it is about 0.048. So it indicates that the probability in different network should be different, too. But 

actually, since the report has averaged these results, the final error could be reduced. 

Thirdly, the number of participants whether in ACM Hypertext conference or in hospital are too small (about 

110 and 75), which may make it more difficult to find some rules due to lack of a representative tendency such as 

Poisson or power law distribution. For example, Figure 8 to Figure 12 show that the tails of degree distribution in 

these temporal networks are not reduced to nearly zero but keep at a certain value or even go up, which seems to be 

close to power law. Nevertheless, the rest of the curve is much more random than expectation, which may lead to 

some confusion. And in fact, the types of degree distribution such as Poisson and power law are usually found on 

the premise of large amounts of data, so in this report the degree distribution is not only affected by weight of edges 

but also affected by the limitation of the number of data. 

 

5. Conclusion 

On the basis of two datasets that are “closed” systems, this report aims to study on some properties of 

temporal network and the influence of time windows in evolution. And by using the method that divide the datasets 



into some subnetworks in different time windows and calculate some important properties in a static way then 

compare them with ER model network, this report has found that such systems have the feature of small world 

including large clustering coefficient and small shortest distance compared to ER network. Their evolution shows 

the characteristics of periodicity and paroxysm, which is closely related to the daily activities of human such as 

meeting in ACM Hypertext and visiting the wards in hospital. And different time windows will influence the 

average degree, clustering coefficient, shortest distance in both of two datasets. What’s more, this report has also 

pointed out some limitations during research. For instance, the static way to analyze every slice which ignores the 

existing durations, the unchanged probability of ER model network and the size of the whole network are some 

aspects may lead to errors. Still, this report did something that combined the human interaction with abstract 

temporal network. 

The interaction among people in the social life is always one of the heated topic which attracts lots of 

scientists or sociologists to study on. And time dimension is absolutely an important factor needed to consider. So 

the researches on temporal networks are not only analysis of some datasets but also modeling. Even though there is 

not a complete way to model temporal network at present, the related study is bound to continue and develop on the 

basis of analysis of datasets.  
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