An effective graph embedding algorithm should preserve as much structural information as possible when transforming a
knowledge graph into vector representations. To systematically evaluate the performance of different embedding algorithms, we
designed a node classification task: predicting the category of nodes based on their learned vector representations. This task
serves as a robust measure of how well the embeddings retain graph structural information, since classification accuracy directly
reflects both the discriminative power of the learned representations and their fidelity to the underlying topological structure.
comprehensive experimental study using the following methodology.

we divided the FPGDKG into training and test sets in a ratio of 7:3, employed the Random Forest [1] in the downstream
task of node classification, and compared them using F1 scores in order to evaluate the performance of six different algorithms.
Consequently, we selected the best-performing embedding algorithm and employed cosine similarity to calculate the case
similarities relevant to user inputs.

Our comprehensive comparative analysis on the FPGDKG dataset included seven state-of-the-art embedding algorithms:
DeepWalk [2], Node2Vec [3], SocioDim [4], RandNE [5], NetMF [6], and GLEE [7]. Supplementary Table 2 shows that the
GLEE excels in the node classification tasks, achieving a superior F1 score of up to 0.83, thus significantly outperforming
competing algorithms. GLEE effectively transforms FPGDKG into a knowledge graph vector space while maintaining the basic
structure of the data. By embedding user inputs alongside the FPGDKG dataset and using cosine similarity measures, we were
able to ascertain cases resembling user-provided information, offering them valuable insights.

Supplementary Table 2. Graph embedding algorithm evaluation.

Model Micro-F1 Macro-F1  Weighted-F1
DeepWalk [2] 0.59 0.27 0.50
Node2Vec [3] 0.62 0.29 0.53
SocioDim [4] 0.79 0.52 0.77

RandNE [5] 0.47 0.18 0.37
NetMF [6] 0.80 0.52 0.78
GLEE [7] 0.83 0.57 0.82
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