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Abstract 

Our project aims at analyzing how groups in social networks evolve. We are taking a random sample of 50 medium-sized groups in VK (a 

popular European social network) and analyze their network properties to find indicators of community size, namely node and edge count. 

End-to-end workflow of data science was applied in the project, from data retrieval, data processing, network algorithm processing, 

statistical modelling, machine learning, and data visualization. Community size was modeled against network indicators, and edge 

connectivity as well as proportion of disconnected nodes were found to be the strongest indicators, followed by clustering coefficient. 

Random forest was found to be the superior ensemble within the dataset. 

1 Introduction 

1.1 Motivation 

Online social networks are becoming an increasingly important part in people's lives. Researches show that 74% of all adult internet users 

spend time on social networks. Being able to understand what affects the group dynamics in a social network will have a lot of commercial 

and educational applications. Especially for people who wish to organize these groups, they can develop concrete plans to assist the growth 

of the group.  

1.2 Problem Definition 

VKontakte (also known as VK) [1] is a social network that finds popular usage in European countries containing over 230 million accounts. 

Each user can create or join a group related to user-defined topic. There are a range of content types that can be posted on each group: 

text messages, images, videos and links. In most occasions, the contents are seeded by moderators. Based on our previous literature reviews 

and discussions, the focus of this project is to evaluate how the groups evolve and get better understanding of their structure. 

The problem statement of this project is as follows: 

Which network features within a massive online social media network affect the evolutionary dynamics of communities within the 

network? Are the effects of these features quantifiable to the extent of supporting the ability to predict community evolutionary 

dynamics in a sufficiently accurate manner? 

The rest of this paper will discuss the methods and results of our exploration into this problem. 

2 Contributions to Related Works 

This project seeks to expand the understanding of massive online social media network, especially in the environment where communities 

are occurring based on both diffusion and non-diffusion processes and are potentially overlapping with each other. Certain individuals are 

hypothesized to have an impact on the community longevity [2], however, the precise impacts are yet to be explored. In a separate attempt 

to quantify individual influence [3] the analysis has yet to be applied to a setting that more closely approach practical, real life online social 

media network. 

The results of (Backstrom et al.) [7] are based on averaged decision tree:

 Features used:

o Fringe 

o Community Size 

o Ratio of Fringe to Size 

o Combination of above 3 

o All features 



 Metrics:

o ROCA 

o APR 

o CXE 

o ACC 

The results of (Kairam et al.) [5] are based on logistic regression based classifier:

 Features used: 

o Monthly growth 

o Fringe growth 

o Group transitivity 

o Transitivity ratio 

o Group density 

o Density ratio 

o Clique ratio 

o Disconnected components 

 Metrics: 

o AUC 

 

 

 

 

 

 

By attempting to answer the problem as described in the previous section, the project complements prior researches in delivering more 

results on how various network algorithms and machine learning techniques applies to real world data. 

3 Datasets 

For this project, we work with the data that we get through VK API [4], we consider and compare groups of various size (based on number 

of members), giving us insight into how medium-sized groups are evolving at different stages. Since VK has a total of 230 million users and 

likewise numerous communities with varying sizes, we randomly sampled up to 50 groups that ranges from 1000 to 9999 members. For 

each group, we traversed each node’s friends list to decide which two nodes should have edges in-between. 

We are using the Python and PowerShell VK API to accomplish the data collection programmatically in a distributed manner. The API limits 

to 1000 entries per response, but provides a paging option for us to loop through large data. Per our findings, the rate limit of API is far 

above the network and processing latency on a farm of small Microsoft Azure virtual machines located in East US, therefore no rate limiting 

techniques were applied. 

pick 50 random groups with size [1000,10000] 

for each group in 50: 

 retrieve group members 

 for each member in group: 

  if no data of friends, retrieve 

  for each friend in friends of member: 

   if friend is a member, add as edge, else mark member as fringe 

The project also touched upon information retrieval methodologies, the steps of which are outlined in the figure above. The algorithm was 

implemented in a parallelizable way so that 8 instances of virtual machines can concurrently retrieve data from VK servers using VK API. 

Another part of our work was to consider large groups that are over 1 million users. We considered two different groups - group 29544671 

(1,437,387 users) and group 15755094 (1,232,195). Our goal here was understanding the internal mechanics behind how people repost. For 

this analysis, we downloaded all posts from these two groups and their reposts as well. Due to overwhelming amount of data, we randomly 

sampled 1000 users from each of these groups, and considered all the posts on their walls. 

for each group in 2: 

 retrieve list = group members 

 for random 1000 id in list: 

  for each post in posts of id: 

   if post is repost, increase counter 



4 Network Model and Evaluation Strategies 

One critical design decision is how we choose to represent VK database, and base on fields we will evaluate growth and longevity. First of 

all we must figure out factors (or its combination) that might have influenced most on user to subscribe to the group, such as, but not 

limited to: 

 Average time between additions of new content. 

 Geolocation of user. 

 Content tag. 

 Similarity to groups that the user is already in. 

 Average path to account that already subscribed to that group. 

 Internal structure of people in group (how they are connected with each other). 

 Gender distribution within group. 

 Birthday distribution within group. 

Other important metric is how people repost. Within one group it is obvious that there is some dependency. For each group it might be 

different. 

Complementing (Kairam et al.)’s analysis, lifecycle of community can be broken to several stages to which (Bródka et al.) offered some 

definitions [6]. We will categorize our selected groups in these stages: 

 Continuing (stagnation). 

 Shrinking. 

 Growing (opposite to shrinking). 

 Splitting. 

 Equal/unequal merging (opposite to splitting). 

 Dissolving. 

 Forming. 

5 Network Algorithms 

(Bródka et al.) also proposed a method based on community overlaps called Group Evolution Discovery (GED) [6] that will be explored. The 

project will attempt to utilize this technique on top of machine learning algorithms as (Patil et al.) has performed [2] to independently arrive 

in findings about community dynamics under more defined categories of community lifecycle stages. 

In order to find a set of predictors of a group size, we evaluate the network for the following properties: 

1. Connectivity 

Obtaining connectivity is done by taking the quotient between edge count and node count. Note that this metric is an 

interactive variable between a positive predictor and target variable where the target variable as a quotient. This measures the 

edge density of the network, and should positively contribute to the size. 

2. Open Triads 

The density of open triads in the network represents structural holes in the network. We calculate the number of open triads as 

the grand sum of all pairs of all nodes’ edges in which both ends of the edge pair are not connected by an edge. The density of 

open triads is its proportion to the sum of count of both open and closed triads. In a triadic closure study, open triads positively 

indicates the overall individuality of nodes in a network, and should negatively contribute to the size. 

3. Closed Triads 

The density of closed triads in the network represents elementary structure. We calculate the number of open triads as the grand 

sum of all pairs of all nodes’ edges in which both ends of the edge pair are not connected by an edge. The density of open triads 

is its proportion to the sum of count of both open and closed triads. Triadic closure indicates the overall affinity of nodes in a 

network to connect and increase overall reachability. This should positively contribute to the size. 

4. Clustering Coefficient 

Higher value of clustering coefficient reflects the tendency of edges in network to appear in vicinity of other edges. Because it is 

positively related to the density of closed triads, this should also positively contribute to the size. 



5. Full Diameter 

The maximum shortest distance to reach a node from any node in the network. To calculate the diameter, Breadth-First Search 

tree is generated from each node, and the value is taken from height of the tallest of the trees. Since this reflects the sparseness of 

the graph, this should negatively contribute to the size. 

6. Effective Diameter 

The 90th percentile largest of the shortest distance to reach a node from any node in the network, that is, 90% of the shortest 

distance between any two node in the network is less than or equal to this value. Approximate Neighborhood Function is utilized 

to generate this value. This also reflects the sparseness of the graph, but in a more numerically stable way compared to the full 

diameter value. Likewise, this should also negatively contribute to the size. 

7. Disconnection Density 

This metric is the ratio between the count of nodes with no edges in the network and the total number of nodes. This should 

negatively contribute to the size, in a sense that it represents an unrealized potential of growth of the network. 

8. Fringe Density 

This metric is the ratio between the count of nodes that have boundary edges (where it is connected to node(s) not inside the 

network. This also represents unrealized potential of growth of the network, and should negatively contribute to the size. 

To visualize variation between groups, we resorted to edge betweenness centrality visualization for all 50 groups. 

6 Methodologies 

We are hypothesizing the following network features will be effective indicators for the network size. Data will be used to accept or reject 

these hypothesis. 

Network Feature Growth Indicator 

Features that positively contribute to 

community quantity and quality 

Decay Indicator 

Features that negatively contribute to 

community quantity and quality 

Node count 

Edge count 

Connectivity 

Closed triad density 

Clustering coefficient 

Open triad density 

Diameter 

Disconnection density 

Fringe density 

As one may observe, this hypothesis summarily argues that through some stochasticity in the system, these factors are somewhat sufficient 

to predict the network size. Several analytical tools were employed: 

 Statistical analysis for relationship between node/edge count and community parameters may be performed using Generalized 

Linear Model (based on the error distribution, the analysis may be downscaled to linear regression): 

o Dependent: Node count 

o Independents: variables listed above 

o Link: normal 

o Model choice: stepwise with AIC as choice parameter. Choose the model with lowest AIC to penalize complexity 

𝐴𝐼𝐶 = 2𝑘 − 2 log{𝐿} 

note that the likelihood 𝐿 does not have a closed form and will be numerically computed with Fisher scoring 

o Model: GLM 

𝑓𝐺𝐿𝑀 = 𝛽0 + 𝛽1𝑥1+ 𝛽2𝑥2+ ⋯+ 𝛽𝑘𝑥𝑘 

o Tool: R stats/ratle package 

 More general analysis for relationship between node/edge count and community parameters may be performed using machine 

learning techniques 

o A few candidates of algorithm are: 

 Random Forest 

This ensemble is known to be versatile due to the averaging effect out of the random trees. 

 Neural Network 

This algorithm is popular in systems with hidden layers of complexity since the algorithm itself makes use of hidden layers. 

o Tool: R rattle package 



The benchmark for performance is the accuracy of predicted size. 

For evaluating how people repost we considered two groups main difference between them was amount of reposts. We sampled 1000 

users from each of group and count amount of repost from all their groups (not only these two), and calculated and average amount. 

7 Results and Findings 

This project attempted to apply various network algorithm against many different real networks to deepen understanding in the analytics 

that they produce. Moving away from using the pre-obtained datasets, the project attempted to add value to the research area by full stack 

application of network and data science methodologies instead of stopping at network analysis. The following figure provides an overview 

of exact edge betweenness across all 50 sampled groups. 

 

The dataset of 50 groups was split in 70:15:15 proportion for training:validation:test sets such that there are 36, 7, and 7 points of data in 

training, validation, and test sets, respectively. Using manual parametric sweep, the following parameters were found to optimize the 

accuracy metric of the model: 

 Decision tree: algorithm: Traditional; min. split: 3; min. bucket: 3; others: default; 

 Random forest: algorithm: Traditional; no. of trees: 500; no. of variables: 3; others: default 

 Linear model: Generalized; 

 Neural network: no. of nodes in hidden layer: 20;  

Node count models 

Uniform weight 

Model Training pseudo-R2 Validation pseudo-R2 Test pseudo-R2 Overall pseudo-R2 

Decision tree 0.5342 0.1872 0.6868 0.5227 

Random forest 0.7284 0.2276 0.8960 0.7216 

Generalized linear 0.4469 0.0306 0.8129 0.4737 

Neural network 0.4036 0.0440 0.7539 0.3600 

Edge count as weight 

Model Training pseudo-R2 Validation pseudo-R2 Test pseudo-R2 Overall pseudo-R2 

Decision tree 0.4795 0.0018 0.4098 0.4004 

Random forest 1.0000 0.0102 0.1230 0.7315 

Generalized linear 0.4244 0.0181 0.1204 0.2857 

Neural network 0.4252 0.0199 0.1147 0.2855 

Table continues next page… 



Edge count models 

Uniform weight 

Model Training pseudo-R2 Validation pseudo-R2 Test pseudo-R2 Overall pseudo-R2 

Decision tree 0.6847 0.4523 0.6692 0.6778 

Random forest 0.8406 0.6093 0.7494 0.8277 

Generalized linear 0.8785 0.2303 0.5245 0.8386 

Neural network 0.8785 0.2303 0.5245 0.8386 

Node count as weight 

Model Training pseudo-R2 Validation pseudo-R2 Test pseudo-R2 Overall pseudo-R2 

Decision tree 0.6835 0.6061 0.4830 0.6665 

Random forest 1.0000 0.7265 0.7131 0.9704 

Generalized linear 0.8513 0.9184 0.4790 0.8082 

Neural network 0.9073 0.2145 0.5276 0.8581 

Ultimately, it was found that modelling edge count is more effective when node count is used as the weighting factor. From the produced 

model, the pseudo-R2 scores show that random forest is the most accurate model to use. On the other hand, it was not beneficial to use 

edge count as the weighting factor when modelling node count. From the produced mode, the pseudo-R2 scores show that random forest 

is the most accurate model to use. 

This result has been foreseen, that the random forest ensemble would come out as superior to other models, however this ensemble 

provide scarce insight to the individual effect, so we shall borrow the insight brought by generalized linear models. We however observe 

that the linear model for node count has very low R2 value, therefore the result is unreliable. 

Uniform weight node count model 

Variable Observed coeff Observed p-val  Observed effect Hyp. effect 

Connectivity 448.6 0.69623  positive positive 

Closed triad density -4074.1 0.28185  negative positive 

Clustering coefficient -22443/2 0.55261  negative positive 

Full diameter 705.5 0.00643 ** positive negative 

Effective diameter -1015.4 0.00366 ** negative negative 

Disconnection density 405.6 0.92278  positive negative 

Fringe density 4813.0 0.03392 * positive negative 

Weighted edge count model 

Variable Observed coeff Observed p-val  Observed effect Hyp. effect 

Connectivity 3448.79 0.000021 *** positive positive 

Closed triad density 5186.62 0.410872  positive positive 

Clustering coefficient -108759.55 0.004023 ** negative positive 

Full diameter -56.93 0.854426  negative negative 

Effective diameter -157.61 0.747013  negative negative 

Disconnection density -25332.67 0.000789 *** negative negative 

Fringe density 7853.02 0.104180  positive negative 

We shall defer discussion of node model outcome because the goodness-of-fit statistic is low for that particular model. Instead, we shall 

discuss the edge count model. In this model, we have hypothesized inaccurately about the clustering coefficient and fringe density effect.  

For the effect of clustering coefficient, this is counter-intuitive because this observed result means that clustering coefficient tends to be 

lower on networks with higher edge count. This may be due to the fact that numerically clustering coefficient has a monotonic increasing 

function of edge count as denominator, leading to the strong negative manifested effect. 

For fringe density effect, the hypothesis was mainly targeted towards membership count (node count). An explanation for this result could 

be that a community comprising nodes with lots of edges tend to have more edges leading to outside the community, manifesting in the 

form of high fringe density. However, the effect is insignificant (low p-value) therefore we shall not treat it as the centerpiece of results. 

For the second part of the project, we also looked at how reposts differs between groups. 

The graph on the left shows the number of reposts done in each of the two groups we looked at: group 1 is showing significantly more 

reposts than group 2. The graph on the right shows the average number of reposts the users in each group have made, these reposts are 

not limited to just repost on these groups. Note that group 1 users are in general more active in reposting. 



 

Even though both groups have similar number of users and posts, the number of reposts differ significantly.  

Group Amount of 

users 

Posts 

overall 

Posts for last year 

(group) 

Reposts for last 

year (group) 

Reposts for last 

year (users) 

Average reposts for last 

year (users) 

Group1 

id29544671 
1437387 23775 13423 3060621 261767 261.77 

Group2 

id29544671 
1232195 27793 13542 883570 28241 28.24 

This results shows significant importance of internal community of a group, it not only depends on size, also it depends on overall repost-

ability of their users. And as a further work I suggest to consider what if we can mark people that can have a high probability to repost and 

find them on graph, unfortunately this will take more than 3-4 months to evaluate accuracy of this method.  

8 Further Works 

Since the inception of the project, it has evolved inwards in scope. Several planned data collection was curbed by time limitation, namely: 

 Temporal progression of group membership. This data could have enabled us in obtaining empirical data from the evolution. 

However, meaningful results typically comes from data spanning a substantial amount of time compared to the group lifetime, 

which proved to be impossible to do within 2 months. Unfortunately there was no other way to deduce the group membership 

progression from the VK API. 

 Boundary-spanning triadic analysis. This data could have enabled us to identify more factors of group size evolution. Namely, it 

may enable more inferences towards evolutional behavior of groups at boundary, where there are substantial potential of growth. 

 Group Evolution Discovery [5] proposed the parameter inclusion 𝐼(𝐺1 , 𝐺2 ) defined as: 

𝐼(𝐺1 , 𝐺2 ) =
|𝐺1 ∩ 𝐺2 |

|𝐺1 |
∙
∑ 𝑁𝐼𝐺1

(𝑥)𝑥∈(𝐺1∩𝐺2 )

∑ 𝑁𝐼𝐺1
(𝑥)𝑥 ∈𝐺1

 

based on which a community can be categorized in terms of its lifetime cycle to 7 categories as mentioned in Section 4. This data 

could have enabled us to bin communities into different stages in the lifetime cycle. 

Along with these missed data collection, there are a few topics of research that can build on this project’s findings, mainly centered at 

community evolution analysis. For example, one may explore the effect of various network properties against empirical data of group 

membership, had it been possible to determine each member’s join date, however this is explicitly forbidden by VK API. Without time 

limitation, this could have been extrapolated from user ID number, since it provides an approximate order although exact chronological 

deduction is ultimately impossible. 

In addition to empirical data analysis, with Group Evolution Discovery (GED) there could be a more defined and stratified analysis to produce 

in the study of community lifecycle. The literature analysis of GED introduced us to a very prospective analytical tool, and it is unfortunate 

that there was no opportunity to apply this analysis as it was impossible to obtain temporal snapshot of the network. 

Another possible topic to develop from the project is the investigation of boundary-spanning triads and how they affect the development 

of community. With more computation time allowed, it would be possible to calculate the triads beyond the nodes and edges contained 

by each community. This, however, required a multiple amount of extra time since the number of additional nodes and edges to consider 

is exceedingly high. An improvement that could have helped is to reallocate resources in such a way that the virtual machine farm is in a 



star configuration with one big machine and a few small ones instead of distributed network configuration. This could have enabled more 

intensive graph processing since the network latency prevented the solution from being feasible during the computation time. 

9 Individual Contributions 

By demand of course instructors of Stanford University CS224W Social and Information Networks in Autumn 2014 term, individual 

contributions of each team member is listed as below: 

 Pradipta: 

o Retrieved group data and friendship edges with virtual machine farm 

o PowerShell & Python (edge betweenness, groups graph analytics) data processing and Excel & R (data sanitization, linear 

models, machine learning models) analysis 

o Wrote 2, 3, 5 

o Contributed 4, 6, 7, 8 

 Vladimir 

o Retrieve various metrics (birthday) and reposts distribution data 

o Suggested ideas metrics for part 4,5 

o made analysis about various metrics (birthday) distribution and repost distribution 

o Co-wrote 3,6,7 with Pradipta 

o programmed data fetching in Python and made plots (about repost metrics) 

 Shu 

o General editing on the report 
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Appendix A Summarized Data 

Group Name Nodes Edges Connectivity Triads  Closed 

Triads  

Open 

Triads  

Closed 

Triad 

Density 

Open 

Triad 

Density 

Clus tering 

Coefficient 

Full 

Diameter 

(BFS) 

Effective 

Diameter 

(ANF) 

Disconnection 

Rat io  

F ringe 

Rat io  

Type 

29506892 NUP#H(*@Y@_*#FH_@*Y$&amp;G@F)@BFE)P@PEH_E*FH+@*EFH@+@E*FH@E*H&amp;@GB@FPJFFJN 2339 2371 1.0137 8071 24213 86961 0.2178 0.7822 0.0468 9 4.7603 0.8799 0.1210 group 

64534570 × d r u g s × 1961 343 0.1749 28 84 3920 0.0210 0.9790 0.0072 11 6.8599 0.8496 0.5370 page 

50839069 ..ιllιlι.ιl. Rock Music ..ιllιlι.ιl. 4860 3431 0.7060 2300 6900 60736 0.1020 0.8980 0.0433 10 6.9252 0.6940 0.5508 group 

33759302 L S d 2344 1785 0.7615 2595 7785 16943 0.3148 0.6852 0.0444 12 6.3068 0.6207 0.5512 page 

59246026 What Do U Like More? 1790 1299 0.7257 157 471 21270 0.0217 0.9783 0.0188 8 5.7455 0.5849 0.5598 page 

6732892 Don't Stop 2670 3966 1.4854 5973 17919 93065 0.1615 0.8385 0.0817 14 5.9964 0.6139 0.6056 group 

28030043 Positive Wave 1225 389 0.3176 78 234 1986 0.1054 0.8946 0.0200 13 8.3925 0.7812 0.6057 group 

44046306 V nebe zvezdi goryat 5606 366 0.0653 66 198 617 0.2429 0.7571 0.0049 6 2.6945 0.9229 0.6147 page 

14415301 M U D B L O O D 2139 4652 2.1748 10584 31752 140932 0.1839 0.8161 0.0586 12 5.5047 0.6096 0.6204 group 

30045498 J-Soul 1395 4732 3.3921 13094 39282 303262 0.1147 0.8853 0.1513 6 3.7280 0.5441 0.6509 page 

37318279 ØNLy 3066 1295 0.4224 356 1068 8367 0.1132 0.8868 0.0251 9 6.5908 0.7384 0.6539 page 

30386968 Y O U N G 》 1215 275 0.2263 119 357 1130 0.2401 0.7599 0.0231 7 4.8245 0.8337 0.6642 group 

52695574 R I C H 4393 6548 1.4906 15602 46806 428450 0.0985 0.9015 0.0566 8 4.9411 0.7560 0.6683 page 

12280920 S U P R E M E QUOTE 2875 182 0.0633 48 144 312 0.3158 0.6842 0.0076 6 2.8193 0.9235 0.6689 group 

47595810 E L E T💪 5096 8685 1.7043 7494 22482 175874 0.1133 0.8867 0.0867 12 6.1833 0.4729 0.7031 page 

61265600 †††..L....I....F....E..††† 1146 8486 7.4049 40210 120630 636587 0.1593 0.8407 0.2567 7 4.7376 0.2871 0.7129 group 

26652189 H❍ LΣ 4563 950 0.2082 126 378 1118 0.2527 0.7473 0.0261 22 15.0770 0.7488 0.7236 page 

60526854 Becky G | Бекки Джи 1592 1272 0.7990 3908 11724 18640 0.3861 0.6139 0.0481 11 6.6956 0.7776 0.7299 group 

55317497 A M E R I C A 6583 5643 0.8572 6733 20199 490208 0.0396 0.9604 0.0381 12 6.8146 0.6549 0.7442 group 

12697 *--- A - R - G - E - N - T - I - N - A ---* 4792 4605 0.9610 5186 15558 57671 0.2125 0.7875 0.0645 12 7.6128 0.5975 0.7471 group 

26294891 W H O R E 3005 469 0.1561 349 1047 1976 0.3463 0.6537 0.0182 6 4.5699 0.8859 0.7724 group 

11401343 Lineage 2 Doom-Z 1158 204 0.1762 30 90 396 0.1852 0.8148 0.0264 10 7.4108 0.8126 0.7755 group 

38509248 E L E C T R Λ  H E Λ R T 1943 5236 2.6948 12032 36096 146326 0.1979 0.8021 0.0770 8 4.3202 0.6531 0.8003 group 

34964514 N E W G L O W 1063 561 0.5278 268 804 5542 0.1267 0.8733 0.0604 8 5.9503 0.6350 0.8100 page 

50099865 Книги по психологии, бизнесу, саморазвитию 7449 1857 0.2493 732 2196 15109 0.1269 0.8731 0.0205 14 8.7210 0.7831 0.8295 page 

42822292 Цепляет 2619 897 0.3425 426 1278 2686 0.3224 0.6776 0.0395 15 8.0457 0.7079 0.8381 page 

49537930 memorably 3369 1678 0.4981 1651 4953 14598 0.2533 0.7467 0.0315 12 7.6475 0.7495 0.8382 group 

77805155 Пαδлиk σт ∂yωu ✔ 1356 899 0.6630 1592 4776 6977 0.4064 0.5936 0.0510 10 6.3558 0.7441 0.8407 group 

35825498 I need a Doctor 9550 8296 0.8687 3057 9171 110619 0.0766 0.9234 0.0649 17 7.9573 0.4666 0.8513 page 

53959455 M:C shop 3047 518 0.1700 24 72 1191 0.0570 0.9430 0.0104 12 8.6790 0.7857 0.8543 page 

40501439 A.C.A.B 8348 175 0.0210 2 6 644 0.0092 0.9908 0.0003 7 2.1395 0.9747 0.8672 page 

41748105 S U P R E M E 3503 547 0.1562 66 198 313 0.3875 0.6125 0.0251 5 2.5006 0.7779 0.8675 page 

41817113 E:\wallpapers\ 2556 36249 14.1819 490582 1471746 3797360 0.2793 0.7207 0.2939 7 3.9846 0.3192 0.8713 page 

11464995 A_V_O_N 2654 3538 1.3331 1079 3237 86686 0.0360 0.9640 0.1025 18 10.1422 0.3048 0.8734 group 

55086644 AFC | Арсенал | News 1301 627 0.4819 681 2043 7275 0.2193 0.7807 0.0639 11 6.9215 0.7317 0.8793 page 

8698026 F R I E N D S [UA] 4988 1615 0.3238 211 633 2551 0.1988 0.8012 0.0384 24 13.6972 0.6357 0.8807 group 

57467849 B.I | KIM HAN BIN | iKON 5769 9030 1.5653 13673 41019 193998 0.1745 0.8255 0.1008 16 7.6670 0.3760 0.8837 group 

78188054 Apple X        iPhone 6 | iPhone 6 Plus 1039 140 0.1347 146 438 817 0.3490 0.6510 0.0287 3 2.8296 0.9105 0.8864 group 

51250321 Λ R T o M Λ N s 3364 1170 0.3478 930 2790 31567 0.0812 0.9188 0.0328 9 6.3089 0.8466 0.8873 page 

42977725 [I.B.P] Институт Благородных Питбайкеров 3820 1570 0.4110 344 1032 10508 0.0894 0.9106 0.0359 13 8.5956 0.7010 0.9094 page 

75694328 B R O O K L Y N 2213 297 0.1342 34 102 140 0.4215 0.5785 0.0250 6 1.9910 0.8025 0.9137 page 

42862892 Лаборатория G на Сахалине 1376 12784 9.2907 54642 163926 1238475 0.1169 0.8831 0.3207 6 3.8180 0.0683 0.9157 group 

21408279 ¤¤¤¤¤МОТОЦИКЛ VIPER ZS 125 J¤¤¤¤¤ 1209 490 0.4053 78 234 1364 0.1464 0.8536 0.0600 13 9.2898 0.5691 0.9363 group 

50403773 Свадебные платья Омск 7655 16600 2.1685 41466 124398 1000307 0.1106 0.8894 0.1001 13 7.5940 0.3342 0.9364 group 

55564029 Все как у зверей / Евгения Тимонова 9201 5158 0.5606 1450 4350 65496 0.0623 0.9377 0.0661 20 9.5229 0.5439 0.9365 page 

64331346 D E M A C H I C 6281 2540 0.4044 548 1644 73353 0.0219 0.9781 0.0571 18 7.8941 0.5988 0.9425 page 

62297110 ★F&amp;F★ - подборка лучших[·٠•AMV•٠·] Аниме Клипов! 2373 1140 0.4804 944 2832 12233 0.1880 0.8120 0.0417 9 6.1470 0.7004 0.9469 group 

49453980 Ремонт бытовой техники в Архангельске А-Сервис 8909 1923 0.2158 4482 13446 34494 0.2805 0.7195 0.0183 8 5.1515 0.9241 0.9479 group 

36761502 PSN | Чит | Блокада (3D FPS) | клан Q W E 5870 4028 0.6862 813 2439 127421 0.0188 0.9812 0.0322 13 7.5477 0.5739 0.9491 group 

15226813 Корпорация M.I.A.R 6949 10880 1.5657 13826 41478 453290 0.0838 0.9162 0.0536 11 6.1064 0.5266 0.9601 group 

  



Appendix B Accuracy Plots 

Node count models Edge count models 

Uniform weight Uniform weight 

Training set Validation set 

  
Test set Full set 

  
 

Training set Validation set 

  
Test set Full set 

  
 

Edge count as weight Node count as weight 

Training set Validation set 

  
Test set Full set 

  
 

Training set Validation set 

  
Test set Full set 

  
 

 


	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Problem Definition

	2 Contributions to Related Works
	3 Datasets
	4 Network Model and Evaluation Strategies
	5 Network Algorithms
	6 Methodologies
	7 Results and Findings
	8 Further Works
	9 Individual Contributions
	10 References
	Appendix A Summarized Data
	Appendix B Accuracy Plots

