APPLICATION OF MACHINE LEARNING
TECHNIQUES FOR LITHUANIAN ENTERPRISE
CLUSTERING
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MOTIVATION GOAL

To apply clustering methods to help identification of
the economic activities using descriptions, utilizing
predefined NACE codes

e |dentification of enterprise activity codes stands as a crucial task enabling
establishment or renewal of databases and making informative decision
about economic tendencies.

 Gathered insights allow for informative decisions about taxes, needed
state-aid and competition analysis.
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1. saliency{term w) = fraquency(w) * [sum_t pit | w) * log{p{t | w)'p{t}}] for topics t. see Chuang et. al (2012) U e
2. relevance{term w | topicth = A= piw | 1) = (1 - A} © piw | tVp{w); see Sievert & Shirley (2014)
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CLUSTERING RESULTS

S US b I\l N I B o The best results for each clustering model, where silhouette score > 0
LIVING AND

Work HORANE LaBSE UMAP Kmeans 82 0.3764 0.8399 13408.4
LaBSE UMAP Agglomerative 82 0.3751 0.8356 12552.3

LaBSE UMAP Gaussian Mixture Model 20 0.3351 0.8424 8011.0

Word2Vec PCA Mean Shift 14 0.4614 0.8584 3884.9

LaBSE UMAP BIRCH 31 0.3495 0.6718 9560.3

C A R D Word2Vec AUTOENCODER Deep Embedding Clustering 20 0.0679 2.0577 2666.2
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DB Index - Davies-Bouldin Index, CH Index - Calinski—Harabasz Index

CONCLUSIONS

* The total of 195 experiments were conducted across all embeddings and feature selection combinations for 4 different levels of NACE.

* Experiments showed that for embeddings LaBSE and Word2Vec and for feature selection principal component analysis and UMAP are

the most promising.

* Most suitable clustering algorithms are KMeans, Agglomerative clustering and. Mean Shift clustering.
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