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Abstract 
This study examined structural patterns within the top 1,000 Scopus-indexed journals, a subset rarely analyzed 
separately from the full database. Using k-means clustering and Louvain clustering with cosine, Euclidean, and 
Manhattan distance metrics, the analysis reveals features not observed across all journals. Frequency results show 
that Elsevier (32%), Springer Nature (14.6%), and Wiley-Blackwell (11.8%) dominate representation. A Kruskal–Wallis 
test confirms significant citation differences among publishers. All four clustering approaches consistently produced 
three distinct clusters, differentiated by CiteScore, citations, highest percentile ranking, number of documents, 
proportion of cited documents, and publisher composition. Cluster distinctions were statistically significant across 
methods. In addition, five machine-learning classifiers achieved perfect performance, with zero misclassification and 
optimal AUC, accuracy, F1, precision, and recall scores. Visual scatter plots further illustrated publisher clustering 
patterns. These findings highlight uneven distributions among elite journals and offer insights relevant for publishers 
and bibliometric research. 

Keywords: CiteScore, Clustering, Highest percentile, Journal Publishers, Machine learning, non-parametric 

statistics, Scopus. 

 

 

Introduction 

Scopus, Web of Science, PubMed, and Google Scholar 

are the leading bibliometric database that contains 

mostly peer-reviewed scholarly works in the form of 

articles, conference proceedings, editorials, and so on. 

A recent work (Okagbue et al., 2021) used k-mean 

clustering to reveal three distinct clusters of journal 

percentiles and CiteScore of top 1000 journals in 

Scopus. The use of clustering in analyzing journal 

metrics helps to reveal hidden patterns that help in 

journal ranking. This work considered the top journals 

in all the subject fields, and the result is expected to be 

broader compared with Feng et al. (2020) that 

considered only three subject categories, namely; 

biology, artificial intelligence, and mathematics. 

Grouping of data points will help to understand the 

behavior of some journal metrics and how their 

distribution may affect their acceptance, relativity, and 

interpretation. The use of clustering in this context is 

limited; rather, classification and regression have  

 

featured repeatedly in the literature. In addition, 

citations have been explored prominently as Machine 

learning models have been used to predict them using 

other journal metrics (Qayyum and Afzal 2019; Ruan et 

al., 2020). 

Machine learning models (classification, regression, 

and clustering) are now deployed in the analysis of 

scholarly data due to the exponential growth of research 

activities (Varada et al., 2018) and the need to reveal 

different networks, interconnections, and relationships 

among the variables in scholarly data (Dridi et al., 

2021). The big data generated from scholarly activities 

can no longer be handled effectively using the 

traditional statistical methods. Secondly, patterns and 

complex relationships within scholarly data can better 

be handled using machine learning models (Aedula et 

al., 2021), especially deep learning models (Rivest et 

al., 2021). Thirdly, extreme values present challenges to 

the statistical methods, which can be easily handled
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using machine learning models (Chakraborty et al., 

2021). This is very important since outliers can truncate 

the trust placed on journal metrics in ranking and 

evaluation (Chi et al., 2018). Similarly, missing data 

can also be culpable (Krauskopf, 2020). Lastly, the 

manner of calculation of some journal metrics may 

present a disproportionate advantage to others, as seen 

in the case of the new CiteScore against the previous 

ones (Fang, 2021). Hence, machine learning models can 

deal with the issues of class imbalance, dimension 

reduction, efficient analysis of features, and model 

validation to reduce the instances of disproportionality. 

This paper intends to bridge the gaps noticed in 

previously published papers. Firstly, this paper 

analysed publishers, citation, number of documents 

(NOD), and percentage cited (%cited) rather than only 

CiteScore and Highest Percentile (HP) as seen in 

previous literature (Okagbue et al., 2021). Similarly, 

this paper extended the use of clustering algorithms to 

include three distance metrics used in Louvain 

clustering, namely; Cosine, Euclidean, and Manhattan. 

In the past, only k-mean clustering has been used 

(Okagbue et al., 2021). Lastly, this paper used machine 

learning classification models to classify publishers 

using HP, CiteScore, Citation, NOD, and %cited. 

Hence, the aim of this article was to extensively study 

the clusters obtained from cluster analysis of top 1000 

journals in Scopus, and the objectives were listed; 

1.  Obtain the frequency distribution of the HP, 

description statistics of CiteScore, Citation, 

Document, and %cited, and the number of 

journals by different publishers.  

2. Obtain the correlation between pairs of HP, 

CiteScore, Citation, and NOD.  

3. Establish whether there are citation differences 

among the publishers represented in the top 

1000 journals in Scopus. 

4. Apply k-mean, Louvain (cosine), Louvain 

(Euclidean), and Louvain (Manhattan) to 

obtain clusters of the top 1000 journals. Hence, 

obtain the distribution of the percentile and 

publishers in the clusters of the 4 different 

clustering methods. In addition, obtain the 

descriptive statistics of the CiteScore, citation, 

NOD, and %cited across the clusters of the 4 

different clustering methods. 

5. Investigate the relationships between the pairs 

of clusters of the 4 clustering methods using the 

Kruskal-Wallis (K-W) test.  

6. Investigate the relationships across three 

clusters of the 4 clustering methods for the 

Highest Percentile, CiteScore, Citation, 

number of documents, and %cited. 

7. Apply 12 Machine learning classification 

algorithms to classify the publishers using 

Highest Percentile, CiteScore, Citation, 

number of documents, and %cited as 

independent variables. 

8. Visualize the clusters of the publishers 

produced by the clustering methods.  

 

 

Methodology 

Data 

The data were downloaded from scopus.com/sources. 

Only the first 1,000 journals were accessible. The list 

contains journals from all the subject categories. The 

journals have high CiteScore and are representative of 

all the journals indexed in Scopus or under 5% of all 

journals in the database.  A huge percentage of the 

journals are also indexed in the Web of Science-based, 

with or without Journal impact factor (JIF). The 

variables are the Publishers, HP, CiteScore, citation, 

NOD, and %cited.  

Software used 
The descriptive statistics were performed using SPSS 

version 23. The Kruskal-Wallis test was done using R 

software, while the clustering and visualization were 

done using the Orange software. 
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Summary of the methodology 
The various methods were used to achieve the objectives.  

Objective Methods Details 

1 Graphics Bar chart was used to graphically represent the highest percentile 

of top 1000 journals in Scopus. 

1 Descriptive statistics The mean, median, standard deviation (SD), minimum, maximum, 

range, interquartile range (IQR), skewness, and kurtosis of 

CiteScore, citation, NOD, and %Cited were computed. 

1 Frequency analysis Frequency and percentage distribution of the publishers were used.  

2 Nonparametric correlation Used to obtain the correlation between pairs of HP, CiteScore, 

Citation, and NOD.  

3 Nonparametric analysis of 

variance 

Kruskal-Wallis test was used to establish whether there are citation 

differences among the publishers represented in the top 1000 

journals in Scopus. Post hoc analysis was used, and the results were 

displayed using Conover p values without adjustment. 

4 Unsupervised learning K-mean, Louvain (cosine), Louvain (Euclidean) and Louvain 

(Manhattan) were used to obtain three clusters of the top 1000 

journals. 

4 Frequency analysis Used to obtain the distribution of the percentile and publishers in 

the clusters of the 4 different clustering methods. 

4 Descriptive statistics The mean, median, standard deviation (SD), minimum, maximum, 

range, interquartile range (IQR), skewness, and kurtosis of 

CiteScore, citation, NOD, and %Cited were obtained. 

5 Nonparametric analysis of 

variance 

Kruskal-Wallis test was used to investigate the relationships 

between the pairs of clusters of the 4 clustering methods. The post-

hoc analysis was done using Conover p-values, further adjusted by 

the Benjamini-Hochberg FDR method. 

6 Nonparametric analysis of 

variance 

Kruskal-Wallis test was used to investigate the relationships across 

three clusters of the 4 clustering methods for the Highest 

Percentile, CiteScore, Citation, number of documents, and %cited. 

The post-hoc analysis was done using Conover p-values, further 

adjusted by the Benjamini-Hochberg FDR method 

7 Classification models Twelve Machine learning classification algorithms were used to 

classify the publishers using Highest Percentile, CiteScore, 

Citation, number of documents, and %cited as independent 

variables. 

8 Graphics Scatter plots were used to visualize the clusters of the publishers 

produced by the four clustering methods. 

 

Results 

 Descriptive Statistics                                                                                                                                                                  

The frequency distribution of HP, as presented as a bar 

chart in Figure 1, showed an upward trend of the 

composition of HP in the data. The chart also showed 

that most of the journals are in the 99 percentile 

category, and the 84th percentile is the least.
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Figure 1: The distribution of percentiles of top 1000 journals in Scopus 

 

The descriptive statistics of the CiteScore, citation, 

NOD, and %Cited are presented in Table 2, which 

showed that the top 1000 journals in Scopus have the 

mean CiteScore, citation, NOD, and %Cited of 18, 

17577, 1078, and 87% respectively from 2017 to 2020. 

The value of the respective skewness and kurtosis is an 

indication that the data was sampled from only the top 

percentiles. Hence, the data are not normally 

distributed. The least recorded %cited is 47% which 

means that the journals are highly cited. This is 

unsurprising since the data contains journals of high 

impact and prestige from different subject categories as 

instances of 100 percent citation was recorded. The high 

skewness was obtained throughout because the top 

1000 journals represent the top very top journals of 

every subject classification in Scopus. As such, all four 

metrics are not from the normal distribution. Further 

confirmatory tests could be consulted.
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Table 2: Descriptive statistics of the CiteScore, citation, NOD and %Cited 

  CiteScore Citation  Document %Cited 

Mean 18.073 17577.27 1077.89 86.97 

Median 13.6 7138.5 461 88 

SD 18.2863 34505.96 2013.53 7.05 

Minimum 9.6 51 5 47 

Maximum 463.2 417503 20919 100 

Range 453.6 417452 20914 53 

IQR 7.9 13485 835 7 

Skewness 15.32 5.25 5.1 -1.51 

Kurtosis 353.588 37 35.15 4.18 

 

To facilitate easy analysis, the publishers with at least 5 

journal representations in the top 1000 journals in 

Scopus are coded from 1 to 18 while the remaining 

(134) with less than five journal representations are 

coded as 20 (Table 3). Elsevier, Springer Nature, and 

Wiley-Blackwell have the largest journal 

representations of 320 (32%), 146 (14.6%), and 118 

(11.8%), respectively. 

 

            Table 3: Frequency and percentage distribution of the publishers 

Code Publisher Frequency Percent 

1 American Association for Cancer Research 5 0.5 

2 American Association for the Advancement of Science 6 0.6 

3 American Chemical Society 22 2.2 

4 American Medical Association 9 0.9 

5 Annual Reviews Inc. 40 4 

6 APA 7 0.7 

7 BMJ Publishing Group 8 0.8 

8 Cambridge University Press 5 0.5 

9 Elsevier 320 32 

10 IEEE 65 6.5 

11 Now Publishers Inc 7 0.7 

12 Oxford University Press 28 2.8 

13 Royal Society of Chemistry 13 1.3 

14 SAGE 22 2.2 

15 Springer Nature 146 14.6 

16 Taylor & Francis 34 3.4 

17 Wiley-Blackwell 118 11.8 

18 Wolters Kluwer Health 11 1.1 

20 Others 134 13.4 

Total   1000 100  

 

 

 Correlational Analysis                                                                                                                                                               

The correlation results are presented in Table 4, and a 

p-value less than 0.05 was considered significant. 

Spearman rank correlation was used throughout 

because the variables are not from the normal 

distribution. There are significant positive correlations 

between HP and CiteScore, citation and CiteScore and, 

citation and NOD. Secondly, there are significant 
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negative correlations between NOD and HP; and 

CiteScore and NOD. Thirdly, there is no significant 

between HP and citation.

      

Table 4: Correlation coefficients between pairs of the metrics 

  CiteScore Citation Document 

HP 0.555** -0.023 -0.209** 

CiteScore  0.182** -0.119** 

Citation   0.934** 

**p value < 0.05 

                                                                                                                                                                                

Citation differences among the publishers                                                                                                                                  

Non-parametric version of the analysis of variance 

known as Kruskal-Wallis test was used to investigate 

citation differences across the journal publishers, which 

gave a Kruskal-Wallis chi-squared statistic: 

208.282985 (degrees of freedom = 18; p < 0.001). This 

showed that the citation pattern (median citation) varies 

across the publishers. A post hoc analysis presented in 

Table 5 displayed the Conover p-values. The 

significant p-values are in bold font and imply that the 

citation patterns are different, that is, p < 0.05. Other 

cases are where the median citation is the same for any 

given two publishers, that is 0.05 < p < 1.  

It could be seen that Elsevier has the same median 

citation as Springer Nature and Wiley-Blackwell, 

respectively, while Springer Nature has the same with 

Wiley-Blackwell. Similarly, IEEE has the same median 

citation with Elsevier, Springer Nature, and Wiley-

Blackwell, respectively. 
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Table 5: Kruskal- Wallis post hoc analysis of citation differences across the publishers 

Polisher 1 2 3 4 5 6 7 8 9 

2 0.9999         

3 0.9999 0.9999        

4 0.9999 0.9999 0.9999       

5 0.000869 0.000588 4.61E-20 0.000031      

6 0.243249 0.301334 0.000035 0.207967 0.9999     

7 0.9999 0.9999 0.9750 0.9999 0.00454 0.9999    

8 0.030322 0.035628 3.26E-06 0.021298 0.9999 0.9999 0.20004   

9 0.9999 0.9999 3.63E-06 0.9999 3.67E-14 0.655129 0.9999 0.058142  

10 0.9999 0.9999 0.00272 0.9999 1.17E-12 0.231566 0.9999 0.019877 0.9999 

11 0.000207 0.000183 6.64E-12 0.000036 0.9999 0.9999 0.001353 0.9999 8.52E-06 

12 0.9999 0.9999 0.000156 0.9999 0.000075 0.9999 0.9999 0.353662 0.9999 

13 0.9999 0.9999 0.9999 0.9999 3.09E-10 0.006737 0.9999 0.000567 0.1950 

14 0.016037 0.015292 1.12E-12 0.003139 0.9999 0.9999 0.113466 0.9999 0.000035 

15 0.9999 0.9999 2.46E-08 0.9999 1.88E-08 0.9999 0.9999 0.343962 0.9999 

16 0.004412 0.003545 1.12E-16 0.000376 0.9999 0.9999 0.027647 0.9999 1.77E-09 

17 0.9999 0.9999 8.56E-09 0.9999 3.94E-07 0.9999 0.9999 0.511367 0.4550 

18 0.9999 0.9999 0.3540 0.9999 0.000566 0.9999 0.9999 0.135185 0.9999 

20 0.9999 0.9999 4.98E-10 0.673232 3.55E-06 0.9999 0.9999 0.840081 0.0212 

Polisher 10 11 12 13 14 15 16 17 18 

11 2.10E-06         

12 0.9999 0.000704        

13 0.9999 5.92E-08 0.202651       

14 0.000012 0.9999 0.055496 1.54E-06      

15 0.3730 0.000274 0.9999 0.0142 0.009098     

16 4.16E-09 0.9999 0.002961 2.14E-08 0.9999 0.000026    

17 0.1570 0.000632 0.9999 0.00706 0.030425 0.9999 0.000224   

18 0.9999 0.000438 0.9999 0.9999 0.038167 0.9999 0.00585 0.9999  

20 0.0178 0.00156 0.9999 0.00194 0.100166 0.9999 0.001258 0.9999 0.9999 

 

 Clustering                                                                                                                                                                                             
K-mean, Louvain (cosine), Louvain (Euclidean), and 

Louvain (Manhattan) were applied to obtain clusters of 

the top 1000 journals. The three clustering methods 

yielded three unique clusters each.  Thereafter, the 

distribution of the percentile (Table 6) and publishers 

(Table 7) in the three respective clusters of the 4 

different clustering methods were obtained. In addition, 

the descriptive statistics of the CiteScore (Table 8), 

citation (Table 9), NOD (Table 10) and %cited (Table 

11) across the three respective clusters of the 4 different 

clustering methods were obtained. The descriptive 

statistics obtained are the mean, median, standard 

deviation (SD), minimum (min), maximum (max), 

range, inter-quartile range (IQR), skewness and 

kurtosis.  

The distribution of the percentile showed that the three 

cluster membership of the percentiles varied cluster the 

four clustering methods. Only k-mean has values for the 

97, 98 and 99 percentiles in its third cluster as zero 

values were produced by the other three clustering 

methods.
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Table 6: Distribution of the percentiles across the 3 clusters of the 4 clustering methods 

  K-Mean Louvain (Cosine) 
Louvain 

(Euclidean) 
Louvain (Manhattan) 

HP 
Cluster Cluster Cluster Cluster 

1 2 3 1 2 3 1 2 3 1 2 3 

84 0 2 0 0 0 2 0 0 2 0 0 2 

85 1 0 0 1 0 0 0 1 0 1 0 0 

86 1 0 0 1 0 0 0 1 0 1 0 0 

87 4 0 0 1 0 3 0 4 0 4 0 0 

88 5 3 1 3 0 6 1 5 3 5 0 4 

89 1 5 1 1 1 5 1 1 5 2 0 5 

90 12 4 1 8 0 9 0 13 4 13 0 4 

91 12 8 1 8 1 12 3 12 6 13 0 8 

92 12 19 0 11 1 19 12 13 6 12 0 19 

93 16 24 4 15 4 25 25 16 3 18 0 26 

94 33 28 4 34 10 21 31 34 0 36 13 16 

95 38 36 6 39 25 16 40 40 0 43 36 1 

96 52 45 7 53 50 1 52 52 0 57 47 0 

97 59 67 9 62 73 0 75 60 0 65 70 0 

98 89 88 10 94 93 0 96 91 0 100 87 0 

99 123 157 12 126 166 0 169 123 0 128 164 0 

Total 458 486 56 457 424 119 505 466 29 498 417 85 

 

Analysis of the distribution of the publishers in the three 

clusters of the 4 clustering methods showed that the 

clustering resulted to different unique clusters. The 

result for SAGE showed that the 22 journals 

represented in the top 1000 in Scopus are grouped into 

one cluster in all the 4 cases, which is an indication that 

the journal metrics might be similar. The same outcome 

was also obtained for Wolters Kluwer Health, APA and 

American Medical Association. In other cases, cluster 

composition varies across the clustering methods.

  

Table 7: Distribution of the publishers across the 3 clusters of the 4 clustering methods 

  K-Mean Louvain (Cosine) Louvain (Euclidean) Louvain (Manhattan) 

Publisher 
Cluster Cluster Cluster Cluster 

1 2 3 1 2 3 1 2 3 1 2 3 

1 0 5 0 0 2 3 4 0 1 0 1 4 

2 0 4 2 0 5 1 6 0 0 0 4 2 

3 0 13 9 0 22 0 22 0 0 1 19 2 

4 0 9 0 0 9 0 9 0 0 0 9 0 

5 0 40 0 0 37 3 39 0 1 0 38 2 

6 0 7 0 0 7 0 7 0 0 0 7 0 

7 0 8 0 0 5 3 8 0 0 0 6 2 

8 0 5 0 0 4 1 5 0 0 0 4 1 

9 0 294 26 1 252 67 302 0 18 5 260 55 

10 0 64 1 5 40 20 56 1 8 6 43 16 
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11 0 7 0 5 2 0 5 2 0 5 2 0 

12 0 27 1 6 18 4 23 4 1 10 17 1 

13 6 3 4 3 7 3 7 6 0 11 2 0 

14 22 0 0 22 0 0 0 22 0 22 0 0 

15 143 0 3 133 4 9 3 143 0 143 3 0 

16 34 0 0 32 0 2 0 34 0 34 0 0 

17 113 0 5 109 6 3 5 113 0 117 1 0 

18 11 0 0 11 0 0 0 11 0 11 0 0 

20 129 0 5 130 4 0 4 130 0 133 1 0 

Total 458 486 56 457 424 119 505 466 29 498 417 85 

 

The descriptive statistics of the CiteScore as presented 

in Table 8 showed the mean CiteScore of a cluster is 

different from the mean of the other two clusters. This 

was the case in the four different clustering methods. 

On the other hand, the median CiteScore appears to be 

closer to one another compared with the mean 

CiteScore. It can also be seen that cluster within a 

clustering method with the highest mean also has the 

highest standard deviation.

  

Table 8: Descriptive statistics of the CiteScore across the 3 clusters of the 4 clustering methods 

  K-Mean Louvain (Cosine) Louvain (Euclidean) Louvain (Manhattan) 

  
Cluster Cluster Cluster Cluster 

1 2 3 1 2 3 1 2 3 1 2 3 

mean 17.38 17.41 29.5 17.37 20.65 11.61 19.21 17.28 10.99 17.16 20.49 11.55 

median 13.05 14.1 14.65 13.3 15.6 11 14.5 13 10.5 13.1 15.3 10.8 

SD 12.54 9.81 61.46 11.78 24.91 1.78 22.69 12.46 1.38 11.94 24.83 1.98 

Min 9.6 9.6 9.8 9.6 9.7 9.6 9.6 9.6 9.6 9.6 9.7 9.6 

Max 115.7 96.9 463.2 99.7 463.2 19.3 463.2 115.7 14.5 115.7 463.2 17.8 

Range 106.1 87.3 453.4 90.1 453.5 9.7 453.6 106.1 4.9 106.1 453.5 8.2 

IQR 6.9 8.4 12.7 6.8 10 2.2 8.6 6.6 1.1 6.8 10 1.8 

Skewness 3.59 2.96 6.65 3.11 13.72 1.57 15.26 3.62 1.55 3.69 13.99 1.54 

Kurtosis 16.95 13.32 47.14 12.03 237.18 2.91 292.36 17.25 1.24 16.68 244.28 1.67 

 

The descriptive statistics of the CiteScore as presented 

in Table 8 showed the mean CiteScore of a cluster is 

different from the mean of the other two clusters. This 

was the case in the four different clustering methods. 

On the other hand, the median CiteScore appears to be 

closer to one another compared with the mean 

CiteScore. It can also be seen that cluster within a 

clustering method with the highest mean also has the 

highest standard deviation.  

From Table 9, it could be seen that the mean citation of 

the clusters differs greatly. The minimum citation of k-

mean clustering differs greatly from the other three 

methods. The clustering methods yielded different 

citation patterns within the clusters and across the 

methods.  

The clustering methods yielded different citation 

patterns within the clusters and across the methods 

shown in the descriptive statistics of the 3 clusters of the 

4 clustering methods for the NOD (Table 10) and 

%Cited (Table 11). In all the cases, positive skewness 

except %cited was obtained, which is an indication of 

non-normality and higher mean than median values. 

However, the clustering results of %cited appear to be 

similar. This is because the percentage cited of the 1000 

journals is clustered between 51 and 100%.
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Table 9: Descriptive statistics of the citation across the 3 clusters of the 4 clustering methods 

  K-Mean Louvain (Cosine) Louvain (Euclidean) Louvain (Manhattan) 

  
Cluster Cluster Cluster Cluster 

1 2 3 1 2 3 1 2 3 1 2 3 

mean 8760.12 12948.97 129856.1 8494.41 29234.89 10922.13 26139.76 8782.32 9797.72 15187.15 21264.58 13491.08 

median 5617.5 7446 104165 5476 10433 7655 9531 5558 7333 5749.5 9241 8568 

SD 9240.52 14509.4 73405.84 9282.42 49490.92 10700.15 46069.93 9592.98 8750.98 37397.47 33450.49 15027.7 

Min 57 51 50948 51 95 260 95 51 260 51 95 260 

Max 68609 90053 417503 67120 417503 65273 417503 68609 33123 417503 271357 73375 

Range 68552 90002 366555 67069 417408 65013 417408 68558 32863 417452 271262 73115 

IQR 9882 13697 84775 9896 27704 9686 23940 9899 8048 10920 21224 12146 

Skewness 2.27 1.98 1.67 2.31 3.5 2.18 3.83 2.47 1.41 6.1 3.65 2.2 

Kurtosis 7.61 4.51 3.19 7.61 15.8 6.42 18.99 8.94 1.41 44.96 18.08 5.15 

 

Table 10: Descriptive statistics of the NOD across the 3 clusters of the 4 clustering methods 

  K-Mean Louvain (Cosine) Louvain (Euclidean) Louvain (Manhattan) 

  
Cluster Cluster Cluster Cluster 

1 2 3 1 2 3 1 2 3 1 2 3 

mean 562.03 835.32 7402.09 541.11 1689.12 961.51 1557.7 568.26 911.93 975.03 1176.78 1195.45 

median 373.5 503.5 6254 354 580.5 680 589 369 643 381.5 539 769 

SD 580.4 950.45 4406.48 599.79 2870.23 964.27 2674.06 636.44 842.42 2335.04 1678.47 1370.95 

Min 5 5 110 5 8 19 6 5 19 5 8 19 

Max 3928 5227 20919 6313 20919 6029 20919 6313 3407 20919 10026 7524 

Range 3923 5222 20809 6308 20911 6010 20913 6308 3388 20914 10018 7505 

IQR 581 892 4445 573 1559 857 1365 581 728 661 1137 1123 

Skewness 2.22 1.96 1.48 3.29 3.5 2.34 3.77 3.21 1.54 5.78 2.56 2.41 

Kurtosis 6.65 3.91 2.47 20.78 15.63 7.53 18.47 17.95 1.99 38.08 7.06 6.73 
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Table 11: Descriptive statistics of the %Cited across the 3 clusters of the 4 clustering methods 

  K-Mean Louvain (Cosine) Louvain (Euclidean) Louvain (Manhattan) 

  
Cluster Cluster Cluster Cluster 

1 2 3 1 2 3 1 2 3 1 2 3 

mean 86.41 87.34 88.25 85.79 88.5 86.06 87.72 86.24 85.69 85.86 88.63 85.28 

median 87 88 88 87 89 87 88 87 86 87 89 86 

SD 7.55 6.82 3.72 8.23 5.71 5.23 6.48 7.66 4.58 8.01 5.4 6.52 

Min 47 54 78 47 54 65 54 47 74 47 54 56 

Max 100 100 96 100 100 96 100 100 93 100 100 94 

Range 53 46 18 53 46 31 46 53 19 53 46 38 

IQR 7 7 5 8 6 7 7 8 5 8 6 7 

Skewness -1.48 -1.46 -0.4 -1.41 -1.29 -0.97 -1.54 -1.44 -1.03 -1.42 -1 -1.65 

Kurtosis 3.81 3.98 0.08 2.79 5.16 1.71 4.72 3.53 1.36 3.01 3.93 4.49 

 

 Relationships within Clusters of the 4 Clustering 

methods                                                                    

Kruskal-Wallis (K-W) test presented as a Chi-square 

statistic was used to investigate the relationships 

between the pairs of clusters of the four clustering 

methods., that is, the differences within the clusters. 

This is a form of validation of the clustering results, and 

the results were obtained for the HP, CiteScore, citation, 

NOD, and %Cited.  The post-hoc analysis was done 

using Conover p-values, further adjusted by the 

Benjamini-Hochberg FDR method, which is presented 

in Table 12. There are no significant median 

differences in both the HP and %Cited of the 3 clusters 

of the k-mean clustering. This could be because the k-

mean groups similar attributes based on the mean, but 

it appears that there are no significant differences in the 

means of HP and %Cited as the range of HP and %Cited 

are small. In all other cases, the pattern of the 

composition of clusters is significantly different from 

one another, which is a confirmation of the validity of 

the clustering methods.

  

Table 12: Relationship within Clusters  

K-Mean Chi-square p-value Cluster 1 vs 2 Cluster 1 vs 3 Cluster 2 vs 3 

HP 4.675969 0.096522 n/a n/a n/a 

CiteScore 10.444044 0.005396 0.021589 0.021589 0.216308 

Citation 170.354165 1.018739e-37 8.909242e-05 6.876120e-42 2.073340e-33 

Documents 155.418238 1.783850e-34 5.170432e-04 4.821985e-38 7.536448e-31 

% Cited 4.892726 0.086608 n/a n/a n/a 

Louvain (cosine) Chi-square p-value Cluster 1 vs 2 Cluster 1 vs 3 Cluster 2 vs 3 

HP 283.699478 2.485656e-62 1.763028e-10 2.916261e-50 6.743708e-74 

CiteScore 114.586366 1.311858e-25 1.952013e-09 1.633138e-12 1.403813e-26 

Citation 64.480125 9.961365e-15 1.080624e-15 7.056503e-03 0.009997 

Documents 52.987920 3.117592e-12 8.614705e-11 3.464958e-07 0.428399 

% Cited 31.822565 1.229753e-07 0.000002 0.256268 0.000022 

Louvain (Euclidean) Chi-square p-value Cluster 1 vs 2 Cluster 1 vs 3 Cluster 2 vs 3 

HP 86.581148 1.581767e-19 6.521619e-04 3.201507e-20 2.905580e-16 

CiteScore 49.653170 1.651776e-11 1.207823e-05 9.032013e-10 0.000002 

Citation 47.014110 6.180388e-11 1.284756e-11 0.2652144 0.314427 
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Documents 39.032546 3.343416e-09 2.377656e-09 0.6899605 0.019883 

% Cited 13.746762 0.001035 0.004056 0.025783 0.193015 

Louvain (Manhattan) Chi-square p-value Cluster 1 vs 2 Cluster 1 vs 3 Cluster 2 vs 3 

HP 231.517667 5.328162e-51 2.220182e-13 1.070579e-36 1.052671e-57 

CiteScore 99.747479 2.188317e-22 7.582533e-10 1.046741e-10 6.637195e-22 

Citation 27.722333 9.553708e-07 6.020576e-07 2.922647e-02 0.539545 

Documents 24.827972 0.000004 0.000367 0.000062 0.030648 

% Cited 35.392635 2.063417e-08 4.030652e-07 0.1527280 0.00002 

 

 Relationships across Clusters of the 4 Clustering 

methods                                                                    

Investigate the relationships across three clusters of the 

4 clustering methods for the HP, CiteScore, Citation, 

number of documents, and %cited. Kruskal-Wallis (K-

W) test presented as a Chi-square statistic, was 

employed and the posthoc analysis was done using 

Conover p-values, further adjusted by the Benjamini-

Hochberg FDR method, which is presented in Table 13. 

There are significant median differences of HP, 

CiteScore, Citation, a number of documents, and 

%cited composition in the corresponding clusters of the 

4 clustering methods. The cluster compositions are 

different, as confirmed by the post-hoc results. This is a 

validation of the uniqueness of the clustering methods.
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Table 13: Relationship across respective Clusters of the 4 clustering methods 

Cluster 1 Chi-square p-value A vs B A vs C A vs D B vs C B vs D C vs D 

HP 14.354719 0.002460 0.413093 0.005099 0.860797 0.059757 0.380692 0.004236 

CiteScore 24.972804 0.000016 0.894743 0.000092 0.941772 0.000325 0.894743 0.000092 

Citation 68.681957 8.174373e-15 4.908360e-01 1.123112e-10 4.908360e-

01 

8.396293e-

13 

2.068482e-01 2.648529e-

09 

Documents 53.581757 1.377868e-11 4.414707e-01 2.228697e-08 4.414707e-

01 

2.045853e-

10 

1.559211e-01 5.835340e-

07 

% Cited 18.384169 0.000366 0.519369 0.009993      0.519369 0.000926 0.957874 0.000926 

Publisher 1066.943046 5.403541e-

231 

5.823170e-01 8.157313e-

256 

9.053952e-

02 

8.805822e-

251 

2.253996e-01 1.498942e-

246 

Cluster 2 Chi-square p-value A vs B A vs C A vs D B vs C B vs D C vs D 

HP 64.822483 5.474328e-14 0.000005 0.041947 0.000010 1.604571e-

10 

8.710750e-01 2.908056e-

10 

CiteScore 53.202661 1.659740e-11 0.000958 0.011524 0.001885 2.000984e-

09 

8.168074e-01 8.617850e-

09 

Citation 68.464733 9.098202e-15 0.000058 0.000193 0.012243 3.915261e-

14 

1.213133e-01 1.625552e-

09 

Documents 41.148118 6.082873e-09 0.005422 0.001464 0.160611 5.497296e-

09 

1.606106e-01 0.000009 

% Cited 28.418407 0.000003 0.02933 0.02933 0.02933 0.000025 0.862107 0.000024 

Publisher 1103.491066 6.363224e-

239 

5.222898e-01 6.958454e-

284 

1.495628e-

01 

1.371292e-

276 

3.938347e-01 6.958454e-

284 

Cluster 3 Chi-square p-value A vs B A vs C A vs D B vs C B vs D C vs D 

HP 101.177824 8.674167e-22 2.415803e-18 3.152568e-23 8.034303e-

19 

0.000003 0.359717 0.000076 

CiteScore 47.167983 3.201085e-10 9.680978e-09 9.680978e-09 3.436371e-

09 

0.080065 0.374983 0.241351 

Citation 132.879750 1.295479e-28 1.950896e-35 1.902925e-22 2.960890e-

30 

0.669293 0.489169 0.489169 

Documents 116.280927 4.878651e-25 6.383727e-30 3.891871e-18 5.842948e-

25 

0.870911 0.537298 0.537298 

% Cited 11.148648 0.010949 0.014665 0.025625 0.014665 0.791317 0.791317 0.817513 

Publisher 8.228876 0.041511 0.943372 0.812513 0.093440 0.812513 0.041470 0.390627 

A = k-mean; B = Louvain (cosine); C = Louvain (Euclidean); D = Louvain (Manhattan) 

 

https://www.ajstme.com.ng/


AJSTME, Volume. 12, Issue 1.    65-78, January, 2026.  https://www.ajstme.com.ng  

ISSN: 2251-0141 (Print), 2971-6233 (Online) 

Uncovering Structural Patterns Among High-Impact Scopus Journals Using Clustering and Machine Learning Approaches…Okagbue 
et al. 70 

 

Classifying Publishers using Highest Percentile, 

CiteScore, Citation, number of documents and %cited                                                                       
Twelve Machine learning (ML) classification 

algorithms was used to classify the publishers using 

Highest Percentile, CiteScore, Citation, number of 

documents and %cited as the independent variables, 

and the performance evaluation results of the 12 ML 

models are presented in Table 14. The models are k-

nearest neighbor ( )kNN , support vector machine 

(SVM), stochastic gradient descent (SGD), random 

forest, neural network, Naïve Bayes, logistic regression, 

classification tree, gradient boosting-Scikit-learn 

(GBSL), extreme gradient boosting (xgboost), catboost 

and adaptive boosting (adaboost). 

 

Table 14: Evaluation results of classifying publishers using  

 HP, CiteScore, Citation, NOD and %cited   

Model AUC CA F1 Precision Recall 

kNN 0.861 0.468 0.427 0.454 0.468 

SVM 0.999 0.803 0.732 0.697 0.803 

SGD 0.721 0.598 0.506 0.496 0.598 

Random Forest 1 0.995 0.995 0.995 0.995 

Neural Network 0.994 0.847 0.809 0.816 0.847 

Naive Bayes 0.965 0.710 0.712 0.731 0.71 

Logistic Regression 0.863 0.563 0.478 0.435 0.563 

Classification Tree 1 1 1 1 1 

GBSL 1 1 1 1 1 

xgboost 1 1 1 1 1 

Catboost 1 1 1 1 1 

AdaBoost 1 1 1 1 1 

 

From Table 14, five ML classification models yielded 

a zero percent error or misclassification with the area 

under the curve (AUC), classification accuracy (CA), 

F1, precision, and recall of 1, respectively. The models 

are classification tree, GBSL, xgboost, Catboost, and 

AdaBoost. The large sample size of 1000 is adequate 

for the classification, and it is unaffected by the unequal 

class size. The grouping of all the publishers with less 

than 5 journal representations is a major constraint 

defined in order for classification to be possible. 

Removing the constraint is likely to reduce the 

classification accuracy and precision of the models.   

 

 Visualization of the cluster based on Publisher                                                                       
Scatter plot was connected to the clustering results, and 

the three clusters based on publishers were presented. 

The first, second, and third clusters of the k-mean were 

presented in Figures 1 to 3. The first, second, and third 

clusters of the Louvain (cosine) were presented in 

Figures 4 to 6. The first, second, and third clusters of 

the Louvain (Euclidean) were presented in Figures 7 to 

9. The first, second, and third clusters of the Louvain 

(Manhattan) were presented in Figures 10 to 12. The 

distance and nature of the clusters showed how different 

the clustering methods handle clustering and how the 

parameters lead to the assignment of publishers to 

different clusters. Hence, publishers that are in a cluster 

have similar properties or journal metrics. It appears 

that the third clusters of the 4 clustering methods are 

roughly clustered compared with the first and second 

clusters.
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Figure 1: The scatter plot of the cluster composition of the publishers in the first cluster by k-mean  

 
Figure 2: The scatter plot of the cluster composition of the publishers in the second cluster by k-mean  
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Figure 3: The scatter plot of the cluster composition of the publishers in the third cluster by k-mean  

 

 

 

 

 
Figure 4: The scatter plot of the cluster composition of the publishers in the first cluster by Louvain (cosine)  
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Figure 5: The scatter plot of the cluster composition of the publishers in the second cluster by Louvain (cosine)  

 

 
Figure 6: The scatter plot of the cluster composition of the publishers in the third cluster by Louvain (cosine)  
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Figure 7: The scatter plot of the cluster composition of the publishers in the first cluster by Louvain (Euclidean)  

 

 
Figure 8: The scatter plot of the cluster composition of the publishers in the second cluster by Louvain (Euclidean)  
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Figure 9: The scatter plot of the cluster composition of the publishers in the third cluster by Louvain (Euclidean)  

 

 

 

 
Figure 10: The scatter plot of the cluster composition of the publishers in the first cluster by Louvain (Manhattan)  
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Figure 11: The scatter plot of the cluster composition of the publishers in the second cluster by Louvain (Manhattan)  

 

 
Figure 12: The scatter plot of the cluster composition of the publishers in the third cluster by Louvain (Manhattan)  

 

Discussion  

This research has shown that the top 1000 journals have 

HP between 84 and 99, and the higher percentiles have 

the higher number of journals. This is an indication that 

in the future, the increasing global research activities, 

citations, and the number of journals are likely to shrink 

the range as the least HP are likely to tend towards the 

top 10 percentiles. Established journals are likely to 

climb faster to the top 1000 journals as the analysis 

showed that the top journals are published by big 

academic publishers. The change of the methodology of 

calculating the CiteScore is likely to reset the 

intergenerational inequalities felt by small publishers 

who are unable to join the league of the top 1000 

journals in Scopus. The high average CiteScore and 

citation of 18 and 17,577 obtained in this research 
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showed that the journals are the top journals in all the 

subject categories in Scopus. Regrettably, subject fields 

with low citations like mathematics or arts and 

humanities are likely to be represented 

disproportionately compared with medicine and public 

health. The implication is that the top 1000 journals in 

Scopus are not a true representation of the subject 

categories in Scopus. The average NOD of 1077 also 

corroborates the submission that journals that publishes 

few papers are likely not be represented in the top 

echelon, as more documents imply more citations and, 

consequently, a higher CiteScore value. Strategies to 

remove self-citations, publisher or journal induced 

citations, and targeted citations are likely to propagate 

fairness across the system (Zhou, 2021). The 

domination of Elsevier, Springer Nature, and Wiley-

Blackwell in the top journals in an indication of the 

perpetuation of the Western dominance in journal 

publications. The western countries determine the best 

knowledge to be published and the papers to be 

accepted. This is a dangerous trend as most papers 

published in those journals are likely to emanate from 

the Western countries, the affiliations of the reviewers 

and editors notwithstanding. It can also be due to 

enormous funding of research done in Western 

countries and investment in academic publishing.   

It does not come at a surprise that the HP is significantly 

positively correlated with the CiteScore (Okagbue et al., 

2019); however, the strength of the relationship is not 

high because the computation of journal percentiles is 

based on subject categories. Hence, the heterogeneity of 

the journal percentiles presents the outcome of a perfect 

positive correlation. A consideration of journals with 

the same subject categories yields strong positive 

correlations as seen for computer science journals 

(Okagbue et al., 2019). Furthermore, this may partly 

explain the reason why the HP is not correlated with 

citation, which implies that citation differences exist for 

each of the subject categories. The citation was found 

to be positively correlated with CiteScore because 

citation and NOD are used in the computation of 

CiteScore. However, CiteScore is negatively correlated 

with NOD, evidence that fewer papers published leads 

to high CiteScore. Contrastingly, NOD is highly 

positively correlated with citations. This research has 

shown that high NOD leads to a high number of 

citations, but fewer CiteScore. Two possible reasons 

can be culpable. First, the subject classification may be 

liable since the data consists of journals of different 

subject fields. Second, the data is a sample of about 

22,000 journals in Scopus, although it is a better 

representative sample compared with a sample of 133 

analyzed in an article (Henao-Rodriguez, 2019). A 

confirmation will require an analysis of all the journals. 

Finally, NOD is negatively correlated with HP. Adding 

all these, it can be summarized that the best option is to 

publish a few thoroughly peer-reviewed articles that can 

attract citations and high CiteScore and high journal 

percentile. 

 

    Conclusion and Future Work 

This study demonstrates that median citation patterns 

vary significantly across publishers, extending prior 

evidence of citation differences across subject 

categories to the publisher level. Large 

multidisciplinary publishers such as Elsevier, Springer 

Nature, Taylor & Francis, and Wiley-Blackwell might 

be expected to show similar citation patterns due to 

broad subject coverage, while specialized publishers 

(IEEE, American Chemical Society) tend to display 

more homogeneous patterns. Practices such as 

publishing “articles in press,” which often attract early 

citations, partly explain observed differences among 

large publishers. 

The four clustering methods applied produced 

comparable yet distinct three-cluster solutions, enabling 

meaningful comparison of cluster composition and 

relationships. The results align with earlier evidence 

supporting three-cluster structures for journal 

CiteScore, although alternative clustering techniques 

have been suggested elsewhere. Across methods and 

clusters, mean citation, CiteScore, percentage cited, and 

number of documents differed, and statistical tests 

confirmed that clusters were significantly distinct, 

validating the robustness of the clustering approaches. 

Since clustering alone did not enable publisher 

classification, twelve machine-learning models were 

applied using five journal metrics as predictors. Several 

models achieved perfect classification, indicating that 

these metrics can reliably identify publishers. The 

findings are relevant for researchers, librarians, and 

information professionals, and future work should 

incorporate additional parameters, extend analyses to 

Web of Science, and compare CiteScore with Journal 

Impact Factor. 
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