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There have been lots of attempts on the aggregation of attributes for advanced relational data mining. On
the other hand, an increasing number of studies try to deal with social network data. Sometimes we build some
attributes based on the network structure, and in other times we rely on the existing analytical methods such as
centrality and clustering from sociology. In this study, we try to bridge the gap between the data mining community
and social network analysis through aggregation-based feature generation. The notable feature of our algorithm
is the ability to invent several indices that are well studied in social network analysis studies in sociology. We
define several general operators that can be applied to a graph structure. Then some combinations of the operators
correspond to the traditional indices from the sociology, while other combinations are quite new and sometimes
useful. We apply our method to Cora dataset, and show the effectiveness of our approach.
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type Notation Input Output description

1 C;ﬁl) node x a set of nodes | adjacent nodes to x

2 C’éoo) node a set of nodes | reachable nodes from

3 NpN C;l) node x a set of nodes | all positive nodes adjacent to =

3 NpyN c node z a set of nodes | all positive nodes reachable from x

1 sM a set of nodes a list of values | 1 if connected, 0 otherwise

1 t a set of nodes a list of values | distance between a pair of nodes

2 te node z and a set of nodes a list of values | distance between node x and other nodes

2 Uy node x and a set of nodes a list of values | 1 if the shortest path includes node z, 0 otherwise

1 Ave a list of values a value average of values

1 Sum a list of values a value summation of values

1 Min a list of values a value minimum of values

1 Maz a list of values a value maximum of values

3 Ratiop two values value ratio of value on positive nodes(Np, N C:(ck)) by the all
nodes (C{")
Group formation in large social networks:membership,

020000 growth, and evolution. Proceedings of the 12th ACM

ooo 000 FO

type 1 | 0.4069 0.6256 0.4859

type 2 | 0.5390 0.5763 0.5429 [3]
type 3 | 0.7640 0.7376 0.7483

sumot, o(CV N N,)/ Sumot, o C

n421= > 0431

Sum o, o(CIN A W) Sum ot 0 G Sumof, o (CF W) Sumot, 0 CY

04832 2 0483 0539 2 20539 [5}
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