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Figure 1: GeneticFlow profiling design in (d).I for a scholar with higher impact than the scholar in (d).II, versus classical scholar

impact indicators in (a) and bibliometric networks in (b)(c).
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Table 1: Academic data sources used in this work.
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Table 2: Performance of extend-type citation inference using various classifiers, feature sets, and the comparison with literature.
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Table 3: The list of 20 significant, independent features (Ft) used for the inference of extend-type citations.
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Table 4: Experiment data from 8 CS sub-fields. 50 true award recipients and 150 other scholars are sampled in each field.
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Table 5: F1 measure in the award inference task using GeneticFlow and alternative methods.
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Table 6: Ablation study result by the GNN-ARMA model.
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Table 7: Advisor-advisee detection on OpenReview data.
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Figure 3: The performance of full/core GF profiles with varying edge percentages in 6 CS sub-fields.
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Table 8: Hypothesis test result for alphabetical authorship.
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Figure 6: Advisor-advisee detection performance with vary-
ing parameters: (a) F1 over Sj,,,, Sgqr (P44 = . asthe decision
boundary); (b) F1/F0.5/ACC over detection boundaries of pa4
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Figure 7: GF profiling examples of two NLP scholars with similar # of papers: (a) awardee; (b) non-awardee.
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