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Abstract 

The aim of the study is to propose a technique for visualizing the results of short text clus-
tering using the Gibbs Sampling Dirichlet Multinomial Mixture (GSDMM) algorithm, in or-
der to facilitate the analysis of the results and the selection of the hyperparameters of this al-
gorithm and dictionary. GSDMM is selected as the most popular short text clustering algo-
rithm on GITHUB. The algorithm implemented by Ryan Walker on Rust was used. The pro-
gram Scimago Graphica was used to create bar charts. 16486 bibliometric records on the top-
ic “Visualization” exported from the Scopus database on November 12, 2024 served as the 
source of short texts. Only Author keywords are used as short texts in this paper. A technique 
for visualizing the results of short text clustering using the GSDMM algorithm is proposed, 
which is based on comparing the occurrence of keywords in a given cluster and in each of the 
other clusters. It is shown that the cluster topics obtained using the GSDMM algorithm can 
be compared with the results of author keyword clustering performed using the VOSviewer 
program. The obtained results can be interpreted as a certain stability of cluster themes ob-
tained by essentially different methods. The author suggests to expand the study by creating a 
thematic dictionary of abbreviations, analyzing the influence of the dictionary on the cluster-
ing results of the GSDMM algorithm, and extending the method of visualizing the clustering 
results to other short texts such as titles and abstracts.  

  
Keywords: short texts, GSDMM algorithm, visualization technique, bibliometric rec-

ords, Scopus, VOSviewer, Scimago Graphica. 

 

1. Introduction 
The objective of the study is to propose a technique for visualizing the results of short 

text clustering using the GSDMM algorithm to facilitate the analysis of the results and the se-
lection of hyperparameters of this algorithm and dictionary. 

Why GSDMM? It is the most popular short text clustering algorithm on GITHUB. Addi-
tionally, a query on ScienceDirect for “Title, Abstract, Keywords: ‘short text’ clustering algo-
rithm” returns 27 results across all years. In the exported RIS file of these 27 records, 
GSDMM appears 12 times in 6 papers, LDA appears 17 times in 6 papers, “suffix tree” ap-
pears 4 times in one paper. But GSDMM is close to LDA, but for short texts — one topic per 
text. 

BERTopic [1] is also widely used for studying text topics, but it is not an algorithm, but a 
whole sequence of procedures. According to the developer of the program “By default, the 
main steps for topic modeling with BERTopic are sentence-transformers, UMAP, HDBSCAN, 
and c-TF-IDF run in sequence.” Even more, UMAP [2] — procedure using its own parameters 
[3], and “sentence-transformers” is also dependent on the training sample. BERT is suitable 
for vectorizing short texts on Twitter, but other models may be more appropriate for different 
text sources. [4]. Even if BERTopic gives good results, the analysis of the influence of the pa-
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rameters of the procedures at each step on the final results seems questionable, so this pro-
gram was excluded as an alternative to GSDMM. 

Choosing a GSDMM implementation. According to the query 
“https://github.com/search?q=short%20text%20clustering&type=repositories”, the algo-
rithm GSDMM: Short Text Clustering implemented by Ryan Walker has the highest rating 
and is implemented in both Python and Rust [5]. It should be noted that there are also im-
plementations of this algorithm in Java and GO.  

Visualization of clustering results using the GSDMM algorithm. A query on GITHUB 
“GSDMM” returns 46 outputs, but the visualization of the results of this algorithm is only im-
plemented in two Python projects: “center-for-humanities-computing/tweetopic” [6] and “Il-
lias-b/Natural-Language-Processing” [7]. In both cases, the results are presented in the form 
of term clouds and bar charts.  

Note: The Center for Humanities Computing is notable for publishing the journal Compu-
tational Humanities Research, showcasing cutting-edge research at the intersection of com-
putational methods and the humanities. 

Note: The authors of the GSDMM algorithm [8] in the introductory part of their paper 
discuss and justify the need for its creation by the differences between clustering short texts 
and clustering regular texts. Also, short texts are more often related to a single topic, while 
long texts can cover several topics. 

The advantage of the two visualization approaches described above is that they can be 
done quickly. A number of parameters can be set, but the implementation procedures remain 
the same. This advantage is also the main disadvantage — lack of flexibility in the choice of 
procedures at each step, especially in text preparation, dictionary selection and bar chart con-
struction.  

What is good for constant monotonous work is not always suitable for research work, 
where, in my opinion, it is more appropriate to use the well-known approach: the program 
does one thing, but does it well. In this case, at each stage it is easier to analyze the result, ad-
just parameters and choose procedures. The work takes more time, but it allows you to ana-
lyze the whole process in more depth. For example, in this study, the bar chart is displayed 
not by the ratio of the occurrence of a term in one cluster to its total occurrence, but by the 
difference between the occurrence of a term in one particular cluster and other individual 
clusters. The flexible text preprocessing and dictionary selection for GSDMM were also used. 

The novelty of this study lies in the choice of bar chart for visualizing the results of text 
clustering using GSDMM and comparing the topics of clusters with the clustering based on 
the co-occurrence of keywords. 

The following sections discuss the detailed implementation of the above. 

2. Materials and methods 
The source of the short texts was bibliometric records on the “Visualization” topic exported 

from Scopus, the scientific abstracts and citations database on November 12, 2024. 
In order to focus on the issue of visual presentation of clustering results, this paper only 

uses the Author keywords as short texts. The use of titles and abstracts as short texts requires 
a more detailed choice of their preprocessing and is not considered in this paper. 

Bibliometric data were exported on request: (TITLE-ABS-KEY(“Visual Analytics” OR “Da-
ta Visualization” OR “Information Visualization” OR “Visualization Technique” OR “Visual 
Representations” OR “Visual Languages” OR “Visualization Tools” OR “Visual Exploration” 
OR “Visualization System” OR “Visual Analysis” OR “Interactive Visualizations” OR “Flow 
Visualization”) AND (LIMIT-TO (DOCTYPE,”ar”))  AND (LIMIT-TO (LAN-
GUAGE,”English”))  AND (LIMIT-TO (SUBJAREA,”ENGI”) OR LIMIT-TO (SUBJAR-
EA,”COMP”) OR LIMIT-TO (SUBJAREA,”ENER”))  AND (LIMIT-TO (PUBYEAR,2020) OR 
LIMIT-TO (PUBYEAR,2021) OR LIMIT-TO (PUBYEAR,2022) OR LIMIT-TO 
(PUBYEAR,2023) OR LIMIT-TO (PUBYEAR,2024))). 16486 records were received. 



Gibbs Sampling Dirichlet Multinomial Mixture (GSDMM) implementation in Rust was 
used [5] with parameters: 𝛼 = 0.002, 𝛽 = 0.5, 𝐼 = 1000, 𝐾 = 30.  

The parameters were chosen experimentally in order to obtain no more than 10 clusters 
without very small ones. The purpose of the paper was to visualize the clusters, not to study 
their themes in detail. For the latter, it would be useful to focus on more clusters and other 
algorithm parameters. 

Here, 𝛼 and 𝛽 are parameters whose meaning is explained below. 𝐾 — is the maximum al-
lowed number of clusters generated by the algorithm. 𝐼 — is the number of iterations. 

The large value of 𝛽 = 0.5 is due to the need to increase the size of clusters (to reduce their 
number), 𝛼 = 0.002 for the rare appearance of new groups, large 𝐾 = 30 and 𝐼 = 1000 are 
chosen for a longer observation of the convergence to the number of clusters. With these pa-
rameters, 9 clusters are obtained.  

Note: in the work of the authors of the algorithm [8], Figure 9 shows a decrease in the 
number of clusters (up to 50 or 100 depending on the Set) as 𝛽 increases from 0.02 to 0.2. 
The number of clusters less than 10 (9) acceptable for analysis within the scope of this paper 
was obtained at 𝛽 = 0.5. 

In text and figures, cluster numbering is preserved as given by the GSDMM algorithm. 
To visualize the results obtained using the GSDMM algorithm, Scimago Graphica [9] is 

used, which not only provides the ability to export vector graphics, but also the formation of 
interactive HTML pages that facilitate the understanding of the visualization results. In addi-
tion, Scimago Graphica offers great opportunities for handling the parameters of graph con-
struction. 

The GSDMM algorithm compares short texts based on the terms in the dictionary. There-
fore, the texts and dictionary terms were lemmatized to normalize them. 

The difference between the most frequent keywords in a particular cluster and those in 
other clusters was obtained using SQL queries. 

Note: Since the comparison of texts is based on dictionary terms, the same terms may ap-
pear in different clusters. In fact, the histograms of the distribution of terms in the clusters 
are compared. 

Note: The algorithm generates a list of clusters starting from a given value, in this case 30, 
skipping empty clusters, the order for non-empty clusters is preserved in this work. 

3. Results and discussions 
The overall picture of the author’s keyword clustering using the GSDMM algorithm is pre-

sented in Figure 1 in the form of a term cloud, where the color indicates keywords belonging 
to a particular cluster. 

146 records containing the fields: cluster number, keyword and frequency of occurrence of 
the keyword were used to construct the plot. The list of records was constructed as follows: 
keywords with the highest frequency of occurrence were selected from each cluster, the num-
ber of terms was taken approximately proportional to the cluster size. The exact boundary 
was determined by the transition of the term occurrence, e.g. records with a frequency of oc-
currence of term 20 ended and records with a frequency of occurrence of term 19 began. This 
choice allows for a more balanced representation of terms from each cluster than if the most 
frequent terms were drawn from the entire list of terms from all clusters. 

A more informative representation of the results presented in Figure 1 is given in the form 
of an interactive Alluvial Diagram available in the archive attached to the article. File — 
‘KWsClusterTops4SG-v-2-Alluvial.htm’ (JavaScript is downloaded from Internet) 

Terms: ‘particle_image_velocimetry, flow_visualization, computational_fluid_dynamic, 
two_phase_flow’ occur in only one cluster, so their size in the word cloud is large. The term 
“visualization” occurs in 8 out of 9 clusters, so the size of this word in the figure is propor-
tional to its occurrence in each cluster. It is typical for document clustering that keywords de-
scribing the subject of a cluster can occur in multiple clusters. 



 

 
Fig. 1. Author keywords cloud of 146 entries from 9 clusters. Created with Scimago Graphica 

 
These are only the terms included in the 146 records analyzed. A more complete inclusion 

of keywords is hindered by the readability of the figure in the paper. Choosing the best graph-
ical representation of the term cloud was not the goal of this paper. 

3.1 Analyzing the data of each cluster obtained using the GSDMM 
algorithm 

The GSDMM utility generates a file ‘prefix-cluster_descriptions.txt’, which contains for 
each cluster a list of vocabulary words and their occurrences. The cluster numbers are kept in 
the original sequence: the first non-empty cluster is labeled as 5, the next cluster as 14, and so 
on. In addition, the GSDMM utility generates a file indicating the cluster to which each en-
try/document is assigned and a probability score indicating the degree of correspondence be-
tween the entry and the cluster. However, in this particular study, the aim was to select a 
suitable visual representation of the cluster descriptions based on dictionary words. There-
fore, this file was not used in this paper. 

To implement visualization, the keywords (words from the dictionary) in a separate clus-
ter, and the other clusters were compared. The data were presented graphically in Figures 2-
10. 

The archive contains HTML pages with interactive charts that facilitate a fuller under-
standing of the results. 

The occurrence of keywords was compared using the left join operation of this cluster and 
others. Then the frequency of keywords in this cluster and other clusters was subtracted. 

Terms that occurred in the current cluster but did not occur in other clusters were marked 
as ‘0’ cluster in the graphs to emphasize that they were not clusters other than the current 
cluster. If there were no such terms, this was labeled as ‘null’ in the graphs. For example, see 
Figures 2 and 3. 

In order to limit the size of the graph, only keywords whose occurrence exceeded a certain 
threshold, which was different for each cluster, were displayed on the chart. This value was 
indicated in the caption below the figure. 

To emphasize the importance of keywords that occur in the cluster in question but not in 
other clusters, they can be plotted even if their frequency is lower than the one specified and 
indicated in the figure caption. For example, Figure 4 shows terms that occur 39 or more 
times in cluster 15 and also occur in other clusters. However, terms that do not occur in other 
clusters are shown even if they occur only 10 or more times in cluster 15.  

Figure 2 shows the difference between the occurrence of the most frequent keywords in 
Cluster 5 and the other clusters 

 



 
Fig. 2. Comparison of keywords from Cluster 5 and the rest of the clusters. Terms with 10 or 

more occurrences were used. 
 

There are no keywords in this cluster that do not occur in other clusters. 
Terms: ‘task_analysis’, ‘feature_extraction’, ‘train’, ‘datum_model’, ‘semantic’, 

‘large_language_model’, ‘computational_model’, which occur more frequently in cluster 5 
than in other clusters, can serve as candidates to describe the cluster theme. ‘visualization’ 
occurs in many clusters. ‘datum_visualization’, ‘visual_analytic’, ‘deep_learn’, ‘ma-
chine_learn’ are more likely to occur in other clusters. 

Figure 3 shows the difference between the occurrence of the most frequent keywords in 
Cluster 14 and the other clusters. 

 

 
Fig. 3. Comparison of keywords from Cluster 14 and the rest of the clusters. Terms with 5 or 

more occurrences were used. 
 

There are no keywords in this cluster that do not occur in other clusters. 
Terms: ‘visual_analysis’, ‘bibliometric_analysis’, ‘citespace’, ‘bibliometric’, ‘vosviewer’, 

‘knowledge_map’, ‘web_of_science’ which occur more frequently in cluster 14 than in other 
clusters, can serve as candidates to describe the cluster theme; ‘visualization’, ‘deep_learn’, 
‘virtual_reality’ are more likely to occur in other clusters. 

Figure 4 shows the difference between the occurrence of the most frequent keywords in 
Cluster 15 and the other clusters. 

 



 
Fig. 4. Comparison of keywords from Cluster 15 and the rest of the clusters. Terms with 39 or 

more occurrences were used. 
 

Terms: ‘sign_language_recognition → 19’, ‘optical_coherence_tomography → 16’, ‘foun-
dation_model → 14’, ‘yolo → 14’, ‘person_re_identification → 13’, 
‘steady_state_visual_evoke_potential → 13’, ‘visual_dialogue → 11’, ‘cross_modal_retrieval 
→ 10’, ‘motor_imagery → 10’ occurs less than 39 times, but added to the figure to make it 
more fully understood. 

Terms: ‘deep_learn’, ‘convolutional_neural_network’, ‘transformer’, ‘visu-
al_question_answer’, ‘computer_vision’, ‘attention_mechanism’, ‘genera-
tive_adversarial_network’, ‘contrastive_learn’ which occur more frequently in cluster 15 than 
in other clusters, can serve as candidates to describe the cluster theme; ‘machine_learn’, ‘vis-
ual_analytic’ are more likely to occur in other clusters. 

Figure 5 shows the difference between the occurrence of the most frequent keywords in 
Cluster 24 and the other clusters. 

 

 
Fig. 5. Comparison of keywords from Cluster 24 and the rest of the clusters. Terms with 40 or 

more occurrences were used. 



Terms: ‘semantic_web 15’, ‘sar_cov_2 14’, ‘pandemic 13’, ‘educational_datum_mine 12’, 
‘transcriptomic 11’ occurs less than 40 times, but added to the figure to make it more fully 
understood. 

Terms: ‘datum_visualization’, ‘big_datum’, ‘covid_19’, ‘datum_mine’, ‘datum_analysis’, 
‘interactive_visualization’, ‘sentiment_analysis’, ‘sentiment_analysis’, ‘social_medium’ which 
occur more frequently in cluster 24 than in other clusters, can serve as candidates to describe 
the cluster theme; ‘machine_learn’, ‘visual_analytic’ are more likely to occur in other clusters. 
Topic ‘covid_19’ has been analyzed extensively in scientific publications. 

Figure 6 shows the difference between the occurrence of the most frequent keywords in 
Cluster 25 and the other clusters. 

 

 
Fig. 6. Comparison of keywords from Cluster 25 and the rest of the clusters. Terms with 32 or 

more occurrences were used. 
 

Terms: ‘head_mount_display 13’, ‘serious_game 12’, occurs less than 32 times, but added 
to the figure to make it more fully understood.  

Terms: ‘visualization’, ‘virtual_reality’, ‘information_visualization’, ‘augment_reality’, 
‘human_computer_interaction’, ‘eye_track’, ‘scientific_visualization’, ‘immersive_analytic’, 
‘interaction’ which occur more frequently in cluster 25 than in other clusters, can serve as 
candidates to describe the cluster theme; ‘machine_learn’ occur in other clusters. 

Figure 7 shows the difference between the occurrence of the most frequent keywords in 
Cluster 26 and the other clusters. 

 

 
Fig. 7. Comparison of keywords from Cluster 26 and the rest of the clusters. Terms with 23 or 

more occurrences were used. 



Terms: ‘internet_of_thing’, ‘digital_twin’, ‘iot’, ‘build_information_model’, ‘industry_4.0’, 
‘artificial_intelligence’, ‘cyber_physical_system’, ‘optimization’, ‘3d_visualization’ which oc-
cur more frequently in cluster 26 than in other clusters, can serve as candidates to describe 
the cluster theme; ‘datum_visualization’, ‘deep_learn’, ‘visualization’, ‘machine_learn’ occur 
in other clusters. 

Note: No abbreviation substitution was used in the preparation of the texts, so ‘inter-
net_of_thing’ and ‘iot’ are marked as different terms. It is useful to compile a list of thematic 
abbreviations for use in future work. 

Figure 8 shows the difference between the occurrence of the most frequent keywords in 
Cluster 27 and the other clusters. 

 

 
Fig. 8. Comparison of keywords from Cluster 27 and the rest of the clusters. Terms with 4 or 

more occurrences were used. 
 

Terms: ‘human_center_compute_visual_analytic’, ‘human_center_compute_visuali-
zation_technique’, ‘human_center_compute_visualization’, ‘human_center_compute_in-
=formation_visualization’, ‘visualization_design_and_evaluation_method’, ‘hu-
man_center_compute_visualization_system_and_tool’, ‘human_center_compute_e-
mpirical_study_in_visualization —occur only in cluster 27, reflecting the specificity of the 
cluster topic. 

Terms: ‘ccs_concept’, ‘information_visualization’, ‘visualization_system_and_tool’, ‘visu-
alization_technique’, ‘human_center_compute_scientific_visualization’ which occur more 
frequently in cluster 14 than in other clusters, can serve as candidates to describe the cluster 
theme; ‘visual_analytic’, ‘visualization’, ‘visual_analysis’ occur in other clusters. 

Figure 9 shows the difference between the occurrence of the most frequent keywords in 
Cluster 28 and the other clusters. 

 



 
Fig. 9. Comparison of keywords from Cluster 28 and the rest of the clusters. Terms with 15 or 

more occurrences were used. 
 

Terms: ‘two_phase_flow’, ‘proper_orthogonal_decomposition’, ‘flow_pattern’, 
‘flow_control’, ‘heat_transfer_enhancement’, ‘coherent_structure’, ‘natural_convection’, 
‘vortex_generator’ —occur only in cluster 28, reflecting the specificity of the cluster topic. 

Terms: ‘particle_image_velocimetry’, ‘flow_visualization’, ‘piv’, ‘computation-
al_fluid_dynamic’, ‘cfd’, ‘heat_transfer’, ‘flow_boil’, ‘turbulence’, ‘numerical_simulation’, 
‘3d_print’ which occur more frequently in cluster 28 than in other clusters, can serve as can-
didates to describe the cluster theme; ‘visualization’, ‘deep_learn’, ‘convolution-
al_neural_network’ occur in other clusters. 

Figure 10 shows the difference between the occurrence of the most frequent keywords in 
Cluster 29 and the other clusters. 

 



 
Fig. 10. Comparison of keywords from Cluster 29 and the rest of the clusters. Terms with 34 

or more occurrences were used. 
 

Term: ‘multidimensional_scale’ — occurs only in cluster 29, reflecting the specificity of the 
cluster topic. 

Terms: ‘machine_learn’, ‘visual_analytic’, ‘dimensionality_reduction’, ‘cluster’, ‘classifica-
tion’, ‘neural_network’, ‘anoma_detection’, ‘time_series’, ‘visual_analysis’, ‘cluster_analysis’, 
‘interpretability’, ‘feature_selection’ which occur more frequently in cluster 29 than in other 
clusters, can serve as candidates to describe the cluster theme; ‘deep_learn’, ‘convolution-
al_neural_network’ — frequently appear in cluster 15. 

3.2 Comparison of Author keywords in VOSviewer and GSDMM 
clusters 

In bibliometric analysis, keyword clustering using VOSviewer software is more commonly 
used rather than document clustering using GSDMM.  

Thus, the simplest query to the open abstract database ScienceDirect ‘document clustering 
gsdmm’ gives only 40 publications, the query ‘Gibbs Sampling’ ‘Dirichlet Multinomial Mix-
ture’ — 60 results, and the query ‘keyword clustering VOSviewer’ returns 4,570 results.  

Therefore, it is interesting to compare the Author keywords clusters obtained with the 
VOSviewer program and the Author keywords specific to the record/document clusters ob-
tained with the GSDMM algorithm. The approaches are quite different, but even an approxi-
mate overlap of dominant themes can indicate the semantic meaningfulness of the results ob-
tained by the different methods. 

For this comparison, the same prepared Author keywords records used in clustering with 
the GSDMM algorithm were imported into the VOSviewer software and a co-occurrence net-
work of terms was constructed. The results are shown in Figure 11. 

Using the default parameters, 13 clusters were obtained. In order to obtain an equal num-
ber of clusters to compare the results of the two approaches, the parameter reflecting the 
minimum number of keywords in a cluster was increased to 45. 

The orange cluster, which can be tentatively called “particle_image_velocimetry”, stands 
out well in this figure; the terms of this cluster are also typical of the 28 cluster shown in Fig-
ure 9. 

For a detailed examination of the results shown in Figure 11, the file ‘AuKWs16486-45-45-
45.json’ included in the archive can be used at the service https://app.vosviewer.com/. 

If we use the interactive features of the ‘app.vosviewer’ service, we can see that terms like 
‘visualization’ or ‘deep_learn’ often co-occur with keywords from other clusters. Unlike doc-
ument/record clustering, when clustering keywords, they belong to one cluster but may co-
occur with keywords from other clusters. 



 

 
Fig. 11. Network of 9 clusters of co-occurrences of Author keywords. Obtained with the mini-

mum number of terms in the cluster equal to 45. 
The frequent occurrence of terms such as ‘visualization’ in different clusters of docu-

ments/records is quite understandable, as this term is included in the query for which data 
was collected in Scopus. Other common terms, such as ‘deep learning’, are not included in the 
query, but are often found in the broader context of papers about data. 

The following is a brief comparison of keywords in clusters obtained using the GSDMM al-
gorithm and the VOSviewer program. The aim is to find out the reproducibility of the identi-
fied topics obtained by significantly different methods. 

The analysis was carried out as follows: for each cluster obtained by the two methods, a list 
of keywords and their occurrence was determined. From these lists, a sample of the 20 most 
frequent keywords was taken. The tables obtained were compared by INNER JOIN. The re-
sults of the comparison of the most similar tables are presented in Tables 1–10. Abbreviations 
in table titles: VOSviewer-AuKWs — author keywords from VOSviewer cluster; GSDMM-
AuKWs — author keywords from GSDMM cluster. N — Number of Author Keywords in the 
cluster. VOSviewer Author Keywords can only belong to one cluster, while GSDMM Author 
Keywords can belong to several clusters, so they are not more than VOSviewer Author Key-
words. 
Table 1: INNER JOIN of top 20 terms from VOSviewer cluster 9 against top 20 terms from 
GSDMM cluster 5. 

VOSviewer-AuKWs N GSDMM-AuKWs N 
task_analysis 89 task_analysis 78 
datum_model 48 datum_model 39 
train 44 train 41 
computational_model 33 computational_model 27 
three_dimensional_display 19 three_dimensional_display 17 
natural_language 18 natural_language 12 
render 18 render 10 

This table summarizes typical “task_analysis” steps. An example of the work could be [10]. 
Table 2: INNER JOIN of top 20 terms from VOSviewer cluster 5 against top 20 terms from 
GSDMM cluster 14. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

visual_analysis 205 visual_analysis 53 

bibliometric_analysis 78 bibliometric_analysis 52 

knowledge_graph 71 knowledge_graph 17 

bibliometric 60 bibliometric 35 



citespace 52 citespace 49 

vosviewer 28 vosviewer 26 

knowledge_map 23 knowledge_map 17 

This table shows: Visualization of bibliometric data is a relevant research topic. An exam-
ple of the work could be [11]. 
Table 3: INNER JOIN of top 20 terms from VOSviewer cluster 2 against top 20 terms from 
GSDMM cluster 15. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

deep_learn 763 deep_learn 500 

convolutional_neural_network 299 convolutional_neural_network 224 

computer_vision 170 computer_vision 122 

transformer 151 transformer 133 

natural_language_process 139 natural_language_process 68 

visual_question_answer 136 visual_question_answer 130 

attention_mechanism 128 attention_mechanism 119 

self_supervise_learn 108 self_supervise_learn 103 

generative_adversarial_network 97 generative_adversarial_network 86 

transfer_learn 95 transfer_learn 87 

contrastive_learn 91 contrastive_learn 79 

image_caption 89 image_caption 87 

deep_neural_network 85 deep_neural_network 51 

datum_augmentation 69 datum_augmentation 68 

object_detection 64 object_detection 48 

semantic_segmentation 59 semantic_segmentation 50 

The results of this table could be interpreted as follows: “convolutional_neural_network” 
is the most frequently encountered “deep_learn” method in studies on “computer_vision”. 
An example of the work could be [12]. And “transformer” and “natural_language_process” 
are the most frequent “visual_question_answer” methods in “visual_question_answer” stud-
ies. 
Table 4: INNER JOIN of top 20 terms from VOSviewer cluster 6 against top 20 terms from 
GSDMM cluster 24. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

datum_visualization 971 datum_visualization 421 

visual_analytic 644 visual_analytic 105 

datum_mine 134 datum_mine 83 

interactive_visualization 83 interactive_visualization 41 

Table 5: INNER JOIN of top 20 terms from VOSviewer cluster 8 against top 20 terms from 
GSDMM cluster 24. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

datum_analysis 111 datum_analysis 60 

sentiment_analysis 67 sentiment_analysis 40 

dashboard 50 dashboard 43 

text_mine 36 text_mine 33 

In this case, two clusters obtained from VOSviewer were compared with data from a 
GSDMM cluster. In both tables, the topic is close to “data analysis”. An example of the work 
could be [13]. 
  



Table 6: INNER JOIN of top 20 terms from VOSviewer cluster 1 against top 20 terms from 
GSDMM cluster 25. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

visualization 1061 visualization 292 

information_visualization 283 information_visualization 146 

virtual_reality 220 virtual_reality 188 

augment_reality 180 augment_reality 118 

human_computer_interaction 95 human_computer_interaction 71 

eye_track 67 eye_track 50 

model 58 model 33 

evaluation 50 evaluation 31 

immersive_analytic 50 immersive_analytic 46 

perception 45 perception 34 

mix_reality 43 mix_reality 34 

design 39 design 35 

user_experience 38 user_experience 33 

storytell 33 storytell 31 

If we exclude terms of the general type “visualization” and “information_visualization”, the 
most characteristic terms of this table are “virtual_reality” and “augmented_reality”. An ex-
ample of the work could be [14]. 
Table 7: INNER JOIN of top 20 terms from VOSviewer cluster 3 against top 20 terms from 
GSDMM cluster 26. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

big_datum 182 big_datum 36 

internet_of_thing 147 internet_of_thing 112 

digital_twin 105 digital_twin 76 

iot 72 iot 49 

build_information_model 65 build_information_model 47 

industry_4.0 60 industry_4.0 47 

smart_city 45 smart_city 29 

cloud_compute 39 cloud_compute 21 

sensor 35 sensor 28 

bim 34 bim 34 

The term “iot” is an abbreviation for “internet_of_thing” they frequently occur in the rec-
ords of the same cluster. This indicates the need to compile a dictionary of abbreviations, 
which, along with lemmatization, it is advisable to include in future works. An example of the 
work could be [15]. BIM (Building Information Model) is a rather specific term, so it has the 
same frequency of occurrence in the left and right columns.  
Table 8: INNER JOIN of top 20 terms from VOSviewer cluster 6 against top 20 terms from 
GSDMM cluster 27. 
VOSviewer-AuKWs N GSDMM-AuKWs N 

visual_analytic 644 visual_analytic 37 

ccs_concept 152 ccs_concept 151 

visualization_technique 44 visualization_technique 15 

human_center_compute_visual_analytic 28 human_center_compute_visual_analytic 28 

visualization_system_and_tool 23 visualization_system_and_tool 21 

The term visual_analytic occurs frequently in the bibliometric records used in this paper, it 
occurs 644 times in the VOSviewer cluster and only 37 times in the specific cluster of 
GSDMM, the rest of the occurrences of this term are in other GSDMM clusters. An example 
of the work could be [16]. 



Table 9: INNER JOIN of top 20 terms from VOSviewer cluster 7 against top 20 terms from 
GSDMM cluster 28. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

particle_image_velocimetry 511 particle_image_velocimetry 508 

flow_visualization 389 flow_visualization 374 

piv 89 piv 87 

computational_fluid_dynamic 84 computational_fluid_dynamic 78 

cfd 67 cfd 62 

heat_transfer 61 heat_transfer 58 

two_phase_flow 57 two_phase_flow 57 

flow_boil 50 flow_boil 49 

numerical_simulation 43 numerical_simulation 33 

turbulence 36 turbulence 35 

proper_orthogonal_decomposition 34 proper_orthogonal_decomposition 34 

3d_print 32 3d_print 23 

large_eddy_simulation 32 large_eddy_simulation 31 

flow_pattern 30 flow_pattern 30 

fluid_structure_interaction 29 fluid_structure_interaction 28 

aerodynamic 28 aerodynamic 27 

flow_control 28 flow_control 28 

pressure_drop 28 pressure_drop 26 

heat_transfer_enhancement 24 heat_transfer_enhancement 24 

In this case, the overlap of terms in the clusters is the highest of all 10 comparison tables. 
This is due to the fact that the cluster “particle_image_velocimetry” in the VOSviewer results 
is the most “freestanding”, i.e. its terms rarely co-occur with terms of other clusters. An ex-
ample of an article reflecting the subject matter of this table is [17]. 
Table 10: INNER JOIN of top 20 terms from VOSviewer cluster 4 against top 20 terms from 
GSDMM cluster 29. 

VOSviewer-AuKWs N GSDMM-AuKWs N 

machine_learn 599 machine_learn 308 

neural_network 132 neural_network 54 

cluster 130 cluster 112 

dimensionality_reduction 126 dimensionality_reduction 122 

classification 118 classification 67 

feature_selection 35 feature_selection 34 

random_forest 33 random_forest 32 

The terms machine_learn and neural_network are often found in combination with other 
terms, so their frequency is greater in the left column than in the right column. It is interest-
ing to note that among the specific machine learning methods, random_forest is found in the 
table, which is often used in practical applications [18]. 

4. Conclusion 
A technique for visualizing the results of Author keywords clustering by the GSDMM algo-

rithm is proposed, which facilitates the evaluation of the topics of records/documents in the 
cluster. It is based on comparing the occurrence of keywords of a given cluster and other clus-
ters. 

It is shown that the topics of clusters obtained with GSDMM algorithm can be correspond-
ed with the results of clustering of Author keywords performed with the use of VOSviewer 
program. 



The obtained results can be interpreted as a certain stability of the themes of clusters ob-
tained by essentially different methods. 

For further development of this study, the author considers it appropriate to:  
1. to compile a thematic dictionary of abbreviations that allows unambiguous interpreta-

tion of terms such as IoT and the Internet of Things; 
2. extend the obtained method of visualizing clustering results to other short texts — ti-

tles and abstracts; 
3. analyze the impact of dictionary compilation on the clustering results of the GSDMM 

algorithm. 
Note. This work is mainly methodological. Its results will be used to identify promising re-

search tasks to be carried out by the Institute and funded by the Ministry of Science and 
Higher Education of the Russian Federation. 
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