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Fusion Disruptive and Consolidative Citations Feature Identify Breakthrough Papers:
An Interpretable Machine Learning Approach
Zhang Qi"?, Ma Ruimin', Yang Jie”’, Wang Zuorong>’, Deng Sanhong™’
(1. School of Economics and Management, Shanxi University, Shanxi Taiyuan 030006 ;
2. Jiangsu Key Laboratory of Data Engineering and Knowledge Service, Jiangsu Nanjing 210023
3. School of Information Management, Nanjing University, Jiangsu Nanjing 210023)

Abstract: [Purpose/significance ] Early identification of breakthrough papers holds great significance for strategic planning in
scientific and technological innovation and for effective research management. [ Method/process] This study employs interpretable
machine learning techniques, introducing two innovation-related features—disruptive citations and consolidating citations—along-
side traditional features such as Author Impact and Citation Count. We conducted a series of experiments comparing three base models
(XGBoost, TabNet, and GcForest) across various hyperparameter settings and citation time windows to construct the optimal
domain-specific breakthrough-paper detection model. Subsequently, we applied SHAP (SHapley Additive exPlanations) to quan-
tify the contribution of each feature, with a particular focus on the innovation-related metrics. [ Result/conclusion ] Our findings re-
veal that: (DXGBoost achieved the best performance in identifying breakthrough papers in medicine, physics, and chemistry, at-
taining peak Fl-scores of 0.9482, 0.9331, and 0.8061, respectively, demonstrating robust cross-domain effectiveness. (2 Across
all domains, the optimal detection performance occurred with a 10-year citation window; shortening this window led to significant
performance declines, although the extent varied by discipline.(@) Feature importance varied across fields, but disruptive citation
metrics consistently ranked highly in all domains, while the significance of consolidating citation metrics varied notably by discipline.
These insights offer methodological support and empirical evidence for scientific evaluation and policymaking. [Innovation/limita-
tion] This study’s innovation lies in the integration of disruptive and consolidating citation metrics as quantitative measures of innova-

tion for detecting breakthrough papers. However, further research across a wider range of academic disciplines is required to explore
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the commonalities, differences, and mechanisms underlying feature importance in diverse contexts.

Keywords: breakthrough papers; interpretable machine learning; automated identification; disruptive index
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Tab. 4  Performance comparison of three machine learning

models for breakthrough paper identification

e T TS PRI F{&
XGBoost 09714 0.9278 0.9482
ey TabNet 0.8478 0.7611 0.7843
GeForest 0.9667 0.9250 0.9429
XGBoost 0.9750 0.9000 0.9331
LB TabNet 0.8099 0.6000 0.6840
GeForest 0.9305 0.9000 0.9111
XGBoost 0.9428 0.7111 0.8061
1k2¢ TabNet 0.7767 0.5111 0.5922
GeForest 0.8778 0.6889 0.7528
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