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Explainable AI (XAI) is an approach that leverages artificial intelligence to support human decision-making. Recently, govern-

ments of several countries including Korea are attempting objective evidence-based analyses of R&D investments with returns

by analyzing quantitative data. Over the past decade, governments have invested in relevant researches, allowing government

officials to gain insights to help them evaluate past performances and discuss future policy directions. Compared to the size

that has not been used yet, the utilization of the text information (accumulated in national DBs) so far is low level. The current

study utilizes a text mining strategy for monitoring innovations along with a case study of smart-farms in the Honam region.
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- Selecting Important Features <Table 3>

<Figure 2> Overall Research Frame
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<Table 1> 6T Based Classification Results (y') by Black-Box Models

XGBoost Keras Multilayer Perceptron (Keras MLP)

Recall Precision F-1 Accuracy Recall Precision F-1 Accuracy
BT 0.98 0.90 0.94 1.00 0.97 0.99
CT 1.00 1.00 1.00 1.00 1.00 1.00
ET 0.52 1.00 0.69 0.90 1.00 0.95
etc 0.95 0.93 0.94 0.92 1.00 0.98 0.99 0.98
IT 0.90 0.91 0.91 0.97 0.90 0.98
NT 1.00 1.00 1.00 1.00 1.00 1.00
ST 1.00 1.00 1.00 1.00 1.00 1.00

<Table 2> Emulation Results (y'') by Interpretable Models
Random Forest (RF) Generalized Linear Model (GLM)

Recall Precision F-1 Accuracy Recall Precision F-1 Accuracy
BT 1.00 0.54 0.71 1.00 1.00 1.00
CT 1.00 1.00 1.00 1.00 1.00 1.00
ET - - - 1.00 1.00 1.00
etc 0.06 1.00 0.12 0.57 1.00 1.00 1.00 1.00
IT - - - 1.00 1.00 1.00
NT 0.4 1.00 0.57 1.00 1.00 1.00
ST 0.78 1.00 0.88 1.00 1.00 1.00
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<Figure 3> Co-Occurrence Network Related with 6T-Based Products

<Table 3> Selected 6T-Based Keywords by Al Interpretation
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