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Mining Longitudinal Networks to Predict Company Value
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Real-world social networks are dynamic in nature. Companies continue to collaborate, align strategically, acquire,
and merge over time, and receive positive/negative impact from other companies. Consequently, their performance
changes with time. A person who can understand what types of network changes affect a company’s value can
predict the future value of the company, grasp industry innovations, and make business more successful. However,
it often requires continuous records of relational changes, which are often difficult to track for companies, and
the models of mining longitudinal network are quite complicated. In this study, we developed algorithms and a
system to infer large-scale evolutionary company networks from public news during 1981-2009. Then, based on
how networks change over time, as well as the financial information of the companies, we predicted company profit

growth.
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1: Evolution of Networks in Different Years.

7 1: Example of generic relation extraction for IBM in 2009.

r name score Examples of documents and sentences.
1 Microsoft 85.85 I.B.M. — Microsoft (55 articles, 264 sentences, score=85.85455)
2 Oracle 65.49 http://www.nytimes.com/2009/03/06/business/06layoffs.html
3 Google 57.75 — Two days after I.B.M.’s report, Microsoft said that its quarterly profits were disappointing.
4 HP 50.70 http://www.nytimes.com/2009/01/31/business/31nocera.html
5 Intel 48.52 — Caterpillar, Kodak, Home Depot, I.B.M., even mighty Microsoft: they are all cutting jobs.
6 Dell 32.75 I.B.M. — SPSS (1 articles, 9 sentences, score =13.675)
7 Sun 29.45 http://www.nytimes.com/2009/07 /29 /technology/companies/29ibm.html
8 EMC 15.16 — L.LB.M. to Buy SPSS, a Maker of Business Software
9 Apple 14.65 — L.B.M..’s $50-a-share cash offer is a premium of more than 40 percent over SPSS’s closing
10 | SPSS 13.67 stock price...
11 | GM 13.18 I.B.M. - Nike (4 articles, 9 sentences, score =8.212)
12 | Xerox 12.13 http://www.nytimes.com/2009/01/22/business/22pepsi.html
13 | Nokia 8.95 — The list of companies that have taken steps to reduce carbon emissions includes I.B.M.,
14 | Nike 8.21 Nike, Coca-Cola and BP, the oil giant.
15 | Thomson 7.78 http://www.nytimes.com/2009/11/01/business/01proto.html
Reuters — Others are water-based shoe adhesives from Nike and a packing insert from I.B.M.
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2: Prediction of the mean profits of 20 Fortune compa-
nies.
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(b) Intel profit prediction.

3: Profit Prediction for IBM and Intel.
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4: Mean profit prediction for 20 Fortune companies us-
ing different feature sets. s, structural features; t, temporal

features; d, delta-change in temporal features; p, financial pro-
files.
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