











members. The interface is likely to impact both the in-
terpretation of influence and its effectiveness in chang-
ing behavior.
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Figure 3: Performance of SVM regression for NUPD
on user-user algorithm. The dotted line shows the
actual values; whereas, the continuous line represents
the predicted values.

rect edges between users. We could not compute
ELP_Network_Values on this algorithm either, since
ELP_Network_Values involve the notion of how neigh-
bors affect a user, and corresponding probability com-
putations based on this. However, applying NUPD by
Hide-one-User method was easy. We have estimated
NUPDs for the same set of users we have selected for
the user-based approach. Modeling with e—SV R gave a
very good performance: squared correlation coefficient
was 0.989.

7 Conclusion

In this paper, we have continued the investigation into
influence in recommenders begun in [5]. We have shown
that how many opinions a user expresses is an important
component of influence, but not the whole story. We
have defined several plausible influence metrics and
shown that in general, they correlate strongly.

We believe our proposed metric, NUPD, is explain-
able both to researchers and operators of recommender
systems. NUPD is also algorithm independent—it ap-
plies to any recommender system algorithm that makes
predictions. NUPD is computationally inefficient. How-
ever, we have demonstrated how to build dataset- and
algorithm-specific regression models that allow for the
rapid, accurate estimation of a user’s influence.

Much remains to be done. Research is needed to
understand how the role of influence changes it. For
instance, when influence is used to help retailers sell
products it may have very different characteristics than
when it is used to encourage community members to
contribute opinions. Another rich area of research is
in interfaces for communicating influence to community
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Table 1: Regression results on both CF algorithms

| User-User | Item-Item |

Regression MAE 15.26 30.6
Performance Sq. corr. coeff. 0.94 0.99
MSE 1036 2252.6
NUPD Av.g. 81.57 405.6
Statistics Min 0 0
1 Test Set Max 980 2487
StdDev 123.25 454.6
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