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Quality of Bibliometric Databases: Accuracy in Classification 

of Document Types  

D.A. Maisano, L. Mastrogiacomo, L. Ferrara and F. Franceschini 

Politecnico di Torino, Dept. of Management and Production Engineering 

STRUCTURED ABSTRACT  

Purpose: Scholarly publications are usually classified into document types (DTs), which are 

predefined categories outlining their nature (e.g., research articles, conference proceedings, reviews, 

short notes, letters, book chapters, etc.).  This research presents a new semi-automated methodology 

to assess the accuracy of DT classification in bibliometric databases, such as Scopus and Web of 

Science (WoS). The methodology can handle a relatively large amount of documents (on the order 

of tens/hundreds of thousands) and is adaptable to the different classes of DTs covered by the 

databases in use, without requiring an a priori definition of a correspondence between their DTs. 

Methodological approach: The first phase of the proposed methodology is automated and exploits 

discrepancies in DT classifications by two competing databases (e.g., Scopus and WoS), in order to 

identify a subset of potentially misclassified documents, i.e., with possible DT-classification errors. 

The second phase involves the manual analysis of this subset of documents, resulting in the 

identification and attribution of DT-classification errors. The novel methodology is illustrated 

through a realistic application example. 

Findings: The methodology is shown to be effective in identifying DT-classification errors, 

suggesting a path to improve the quality and reliability of bibliometric databases. With reference to 

the application example provided, Scopus and WoS have overall error rates around 1.7% and 1.2%, 

respectively. A similar analysis based on a larger sample of documents is still in progress. 

Practical/social implications: By improving database accuracy, the academic community can 

benefit from more reliable bibliometric indicators, which can affect (at least to some extent) research 

funding, decision making and academic reputation. 

Keywords: Bibliometric databases, Document type, Semi-automated analysis, Database accuracy.   

Paper type: Research paper  



 

  
 

 

INTRODUTION 

Scientific publications are typically categorized into document types (DTs), i.e., predefined categories 

that outline their nature and primary characteristics (Harzing, 2013; Yeung, 2021). Common DTs 

include research articles, conference proceedings, surveys, letters, book chapters, etc. The 

classification of publications into significant DTs is a task performed by the publishers and/or 

bibliometric databases indexing them, so as to serve multiple purposes (Donner, 2017). Firstly, it 

contributes to the organisation of knowledge, aiding researchers in efficiently selecting and retrieving 

relevant information. Additionally, it plays a crucial role in research evaluation, differentiating 

scientific contributions for the construction of bibliometric indicators and assessments, e.g., DTs that 

are usually subject to less scrutiny during acceptance, such as conference proceedings, short notes 

and letters, may be excluded from some evaluations. Furthermore, most bibliometric indicators 

relating to scientific journals, like the well-known impact factor, are constructed by considering the 

DT of indexed documents (García-Pérez, 2010). 

Unfortunately, DT classification is not always accurate, leading to instances where scientific 

contributions are mislabelled. The literature documents common mislabelling scenarios, such as 

misclassifying research articles as reviews, letters and conference proceedings as research articles, 

which indicates that some types of errors tend to be more frequent than others (Sigogneau, 2000; 

Yeung, 2019; Mokhnacheva, 2023). The misclassification of DTs can be somewhat fed by the 

absence of standardized rules, which results in subjectivity. The distinction between a research 

article, a review, or a short note, for example, can be quite subtle. Moreover, the DT-classification 

rules used by both bibliometric databases and publishers are not completely transparent, nor the 

metadata they exchange. Furthermore, there are quite often discrepancies in the nomenclature and 

definitions of DTs between different publishers and databases. These discrepancies become evident 

when comparing the official DT lists from major generalist databases, like Scopus and Web of 

Science (WoS) (Clarivate, 2024; Elsevier, 2024). 

Relatively few studies on DT-classification errors are documented in the literature, forming a part of 

the broader category of research on errors in bibliometric databases (Donner, 2023; Franceschini et 

al., 2013; 2015; 2016; García-Pérez, 2010; Moed, 2005; Olensky et al., 2016; Valderrama-Zurián et 

al., 2015). These studies indicate that DT-classification errors are significant for both Scopus and 

WoS, amounting to a few percentage points (Yeung, 2021). It was also noted that specialized 

databases – like PubMed in the medical field – tend to have fewer errors compared to generalist 

databases such as Scopus and WoS, possibly due to a smaller and more homogenous set of indexed 



 

  
 

 

documents (Yeung, 2019). The few existing studies on DT-classification errors unfortunately have 

(at least) a couple of limitations. First, they generally limit the investigation to relatively small 

samples of a few hundred or thousand documents. In addition, they only involve manual analysis of 

the documents of interest. 

This research introduces a novel semi-automated methodology to investigate DT-classification errors 

on large quantities of documents. The methodology includes an initial phase to determine a relatively 

large corpus of publications, simultaneously indexed by the (competing) generalist Scopus and WoS 

databases. Having determined the DTs assigned by the aforementioned databases to each publication, 

a subset of publications with potentially inconsistent/discordant DTs is determined. Manual analysis 

of this subset is then performed, identifying any DT-classification errors and attributing them to the 

responsible database. The new methodology, which can be classified as "adaptive" since it requires 

no a priori correspondence between the DTs covered by one database and those covered by the other, 

is described through an application example. 

NEW METODOLOGY 

The following pseudo-code summarizes the basic steps of the new methodology for identifying DT-

classification errors, which is described in detail in the rest of the section. 

Start 

1. Identify a corpus of scientific publications. Use specific criteria to select a relatively broad group of 

scientific publications (e.g., scientific output from research groups, institutions, scientific journals, etc., 

within a certain time window). 

2. Query Scopus and WoS. Conduct separate queries in the Scopus and WoS databases using criteria that 

define the corpus of publications at step (1). 

3. Determine the “intersection” of publications indexed by both databases. Using suitable unique 

identifiers (e.g., DOI code), identify the subset of publications resulting from the queries in step (2), 

indexed in both databases. 

4. Determine the DTs for each publication at step (3), according to both Scopus and WoS. For each 

publication in the intersection subset, identify the DTs classified by Scopus and WoS respectively. 

5. Construct the concordance matrix. Create a so-called concordance matrix (described later) to 

compare the DTs assigned by the two databases of interest. Arrange the relevant DTs (in columns for 

Scopus and in rows for WoS), in order to maximize the amount of (concordant) publications in the 

diagonal. 



 

  
 

 

6. Identify publications with discordant DTs. Focus on the scientific publications outside the diagonal 

of the concordance matrix, as their DT-classifications are potentially discordant.  

6.1 Manual analysis. Manually analyse each discordant publication and identify the most plausible DT 

for it (i.e., the “true” DT).  

6.2  Determine a DT-classification error for Scopus or WoS. Determine which of the two databases is 

responsible for the (presumed) DT-classification error and record it. 

6.3  Return to step (6.1). Repeat the manual analysis until all publications with discordant DTs have 

been analysed. 

7. Determine error statistics. Process the results of the analysis and construct database-error statistics.  

7.1  Consider each specific database separately and report the relevant DT-classification errors in a 

so-called error table (described later). 

7.2  Determine different kinds of error statistics, both from the overall perspective of a database of 

interest () and from the perspective of a specific DT (contemplated by the database itself), i.e., 

calculate the rate of false exclusions () and the rate of false classifications () related to that DT.  

7.3  Return to step (7.1). Repeat the calculation of error statistics for the other database.  

End 

First, it is necessary to identify a relatively large sample of scholarly publications (step 1). By way of 

example, let us assume that the governing bodies of the two major universities in Turin (Italy) – 

Politecnico di Torino (a technical university of engineering and architecture) and Università di Torino 

(a generalist university) – have decided to undertake a campaign to verify the accuracy of the data 

reported in the Scopus and WoS databases, in anticipation of a forthcoming national evaluation 

exercise of the scientific output produced in 2019-2023. To this end, the publications produced in the 

five-year period of interest by the more than two thousand researchers affiliated with the two 

universities are considered. Then, both Scopus and WoS databases are queried (step 2) to extract data 

on the publications of interest (e.g., using co-author affiliation and issue years). This yields two sets 

of publications: one returned by Scopus and one returned by WoS. About 34 thousand articles were 

obtained from Scopus and 38 thousand from WoS. Let us note that the two sets are not of identical 

size because the two databases differ in terms of source coverage (e.g., one database may index some 

journals or conference proceedings that are not necessarily indexed by the other database and vice 

versa). 

The "intersection" (step 3) between the above two sets, i.e., the subset of common documents, is then 

determined. The identification of these common documents can be accomplished using the relevant 

digital object identifier (or DOI code); therefore, documents without a DOI code are necessarily 



 

  
 

 

excluded from the analysis. In the application example, we restricted the analysis to the DTs of 

research article (or more simply article), conference proceeding, letter, and review, neglecting for 

simplicity the other DTs (e.g., book chapters, monographs, etc.). Returning to the application 

example, cross-referencing the two sets of documents returned by Scopus and WoS yields an 

intersection subset, consisting of 26,405 total documents, classified by each database into 

corresponding DTs, as shown in Table 1. 

Table 1 – Summary of DTs classified by Scopus and WoS with reference to the “intersection” subset, in the 
application example. 

Scopus DTs WoS DTs 
Article 21,793 Article 21,800 
Review 2,445 Review 2,472 
Conference paper 1,810 Proceedings paper 1,756 
Letter 357 Letter 377 
Total 26,405 Total 26,405 

 

In this case the DT labels of the two databases are coincident, except for conference paper, as 

contemplated by Scopus, and proceedings paper, as contemplated by WoS1. The amounts of articles 

classified in the DTs of the two databases are very close, although the differences indicate possible 

discrepancies in the classification of the DTs, as better evidenced in the so-called concordance matrix 

(step 5). This matrix (exemplified in Table 2) is nothing more than a contingency table showing in 

column the DTs assigned by Scopus and in row the DTs assigned by WoS for the publications of 

interest. The rows and columns are sorted in such a way that the row totals and column totals are both 

sorted in descending order. In this way the matrix is diagonal, that is, with most of the papers placed 

on the main diagonal. At the same time, this sort of diagonalization establishes an empirical 

correspondence between the DTs covered by one and the other database. This correspondence can be 

called "adaptive" in that it does not require any a priori link between Scopus and WoS DTs (Owen, 

2001). In other words, among the possible permutations between Scopus and WoS DTs, the proposed 

diagonalization ensures the highest degree of concordance. Off-diagonal elements indicate discordant 

DT classifications, denoting potential errors by (at least) one database. For this reason, these elements 

can be classified as "discordant" (and by extension the documents involved in them). 

 
1 In fact, expanding the study to other more specialized DTs, the differences between the databases would be more 
pronounced. For example, DTs covered by one database but not the other, such as biographical-item, book review, 
expression of concern, fiction, meeting abstract, retraction, data paper, and many others, can be observed (Clarivate, 
2024; Elsevier, 2024). 



 

  
 

 

Table 2 – Example of concordance matrix related to data collected for the application example. While the 
elements in the diagonal (in square brackets) denote DT classifications that are concordant between competing 
databases, those off-diagonal denote possible DT-classification errors.    

DT classifications → 
  ↓ 

by Scopus  
Article Review Confer. paper Letter Row total 

by
 W

oS
 Article [21,418] 297 71 14 21,800 

Review 323 [2,146] 2 1 2,472 
Proceed. paper 19  [1,737] - 1,756 
Letter 33 2 - [342] 377 

 Column total 21,793 2,445 1,810 357 26,405 

 

Manual analysis of each of the discordant publications (sub-step 6.1) is performed using all available 

information, such as abstract, data on the publisher's site, "fulltext", etc. This analysis is aimed at 

identifying the "true" DT and, consequently, detect the possible DT-classification error of the 

databases. Figure 1 exemplifies the heading of a paper classified by Scopus as a conference paper 

and by WoS as an article. Manual analysis revealed that the "true" DT is article, since the paper is a 

(complete) research contribution unrelated to any conference. The DT classification error is therefore 

attributed to Scopus in this case. 

 

Figure 1 – Example of document misclassified by Scopus as conference paper instead of article 
(https://doi.org/10.1016/j.ejor.2018.12.016). 



 

  
 

 

 

Figure 2 – Example of a paper incorrectly classified by Scopus as an article and by WoS as a review, instead 
of conference/proceedings paper (https://doi.org/10.1111/eea.12967). 

Very rarely, simultaneous errors of both databases can be observed. As an example, let us consider 

the document in Figure 2, classified by Scopus as an article and by WoS as a review. Manual analysis 



 

  
 

 

found that this document is in fact a conference paper on a journal special issue, resulting in an error 

for both databases. Probably the Scopus classification error (i.e., article instead of conference paper) 

stems from the fact that this conference paper is published in a journal special issue. On the other 

hand, the WoS error (i.e., review instead of proceedings paper) stems from the fact that the word 

"review" is used both in the title and within the conclusions to say that the paper actually reviews 

more than a century of research on the biological control of invasive stink bugs. Additionally, an 

extensive reference list is presented (more than 200 references). 

For the diagonal elements (in square brackets), the DT classifications in both databases are 

automatically assumed to be correct, given the general agreement between the counterpart databases. 

To test the plausibility of this assumption, a sampling of 0.5 percent of these concordant documents 

(i.e., ⌈0.5% ∙ 25,643⌉ = 129) was conducted, without detecting any DT-classification error. This 

confirms the plausibility of the hypothesis of validity of DT assignments for these publications, in 

line with the concepts of convergent validity, and wisdom of crowds (Franceschini et al., 2022). 

Having completed the manual analysis of the discordant documents (cf. step 6 and relevant sub-steps), 

the DT-classification errors found for each database are summarized in an error table, i.e., a 

contingency table illustrating in the columns the DT assignments made by the database of interest 

and in the rows the "true" (or correct) DTs resulting from the manual analysis. In practice, the main 

diagonal of the error table contains the correct DT classifications while the off-diagonal elements 

correspond to the incorrect DT classifications. Tables 3 and 4 show the error tables related to Scopus 

and WoS, with reference to the application example. Let us note that for a small portion of the DT-

classification errors, the "true" DT is other DTs, which is different from the four DTs considered in 

this simplified study. In fact, this DT class includes all other DTs not covered in this study (e.g., book 

review, note, short survey, etc.). For example, Figure 3 exemplifies a publication in the field of 

forensic psychiatry, containing a brief report of a clinical case with some references to existing 

literature on the subject. The contribution lacks the consistency and originality to be considered a 

(research) article, nor does it provide a sufficiently thorough review of the state of the art to be 

considered a review. Unsurprisingly, it is classified by the journal as a case report. This publication 

is misclassified by Scopus as an article and by WoS as a review, whereas our manual analysis showed 

that the most plausible Scopus and WoS DTs would respectively be note and other, which would 

converge in the class other DTs in the present simplified analysis (Clarivate, 2024; Elsevier, 2024). 

Furthermore, it was noted that Scopus tends to classify case-report publications as articles, whereas 

WoS tends to classify them as reviews, resulting in a systematic classification error. 



 

  
 

 

Table 3 – Example of error table for Scopus, with reference to the application example. Error statistics (see 
Eqs. 1, 2, and 3) are bolded. 

  DT classification by Scopus   
  Article Review Confer. paper Letter Row total 𝜶𝐒𝐜𝐨𝐩𝐮𝐬, 𝑫𝑻 

"T
ru

e"
 D

T
 

cl
as

si
fi

ca
ti

on
s 

Article [21,503] 102 53  21,658 0.7% 
Review 233 [2,331]   2,564 9.1% 
Confer. paper 20 5 [1,757]  1,782 1.4% 
Letter 30 2  [357] 389 8.2% 
Other DT(s) 7 5   12 - 

 Column total 21,793 2,445 1,810 357 26,405  
 𝜷𝐒𝐜𝐨𝐩𝐮𝐬, 𝑫𝑻 1.3% 4.7% 2.9% 0.0%  𝜺𝐒𝐜𝐨𝐩𝐮𝐬 ≅ 𝟏. 𝟕% 

 
 
 

Table 4 – Example of error table for WoS, with reference to the application example. Error statistics (see 
Eqs. 1, 2, and 3) are bolded. 

  DT classification by WoS   
  Article Review Confer. paper Letter Row total 𝜶𝐖𝐨𝐒, 𝑫𝑻 

"T
ru

e"
 D

T
 

cl
as

si
fi

ca
ti

on
s 

Article [21,584] 75  3 21,662 0.4% 
Review 176 [2,386]   2,562 6.9% 
Proc. paper 23 3 [1,756]  1,782 1.5% 
Letter 16 1  [374] 391 4.3% 
Other DT(s) 5 7   12 - 

 Column total 21,804 2,472 1,756 377 26,405  
 𝜷𝐖𝐨𝐒, 𝑫𝑻 1.0% 3.5% 0.0% 0.8%  𝜺𝐖𝐨𝐒 ≅ 𝟏. 𝟐% 

 

Next, some indicators depicting database errors are constructed. An overall indicator of the DT-

classification errors by a certain database (𝜀ௗ௕) is expressed by the ratio of the total number of off-

diagonal elements (i.e., depicting erroneous DT classifications resulting from manual analysis) to all 

elements in the error table (i.e., the total number of DT classifications): 

𝜀ௗ௕ =
∑ ௗ೏್, (೔,ೕ)∀(೔,ೕ) | ೔ಯೕ

∑ ௗ೏್, (೔,ೕ)∀(೔,ೕ)
, (1)

being 𝑑ௗ௕, (௜,௝) the number of documents reported in the i-th row and j-th column of the error table, 

for the database of interest (db). 

The 𝜀ௗ௕ values resulting from the analysis, also shown in the lower right vertex of the error tables, 

are 𝜀ୗୡ୭୮୳ୱ ≅ 1.7% and 𝜀୛୭ୗ ≅ 1.2%. Although aware that these results are difficult to generalize 

as they relate to a rather small sample of documents, it is interesting to note some general trends. 

First, the 𝜀ௗ௕ values are very close for the two databases, denoting a slightly higher error rate for 

Scopus with respect to WoS. In both cases, the most frequent DT-classification errors involve reviews 

misclassified as articles and vice versa. Letters misclassified as articles are also fairly frequent for 



 

  
 

 

both databases. In addition, while Scopus has an erroneously categorized some articles as conference 

papers (cf. the example in Figure 1), WoS did not incur this error. 

 

Figure 3 – Example of a paper incorrectly classified by Scopus as an article and by WoS as a review 
(https://doi.org/10.1007/s12024-019-00105-6). The article is actually defined by the publisher (Springer 
Nature) as a case report in the field of forensic psychiatry. Manual analysis revealed that the most plausible 
DT for Scopus would be note and for WoS would be other (Clarivate, 2024; Elsevier, 2024). 

Next, other more detailed database-error statistics can be constructed from the perspective of 

individual DTs. In this regard, a null hypothesis (H0) is defined as: "The DT assigned by the database 

in use is correct". Next, two DT-related error types are defined, as described below. 

1. The Type-I error corresponds to the probability of wrongly rejecting H0 when it is true, i.e. the 

probability of a document belonging to a specific DT being wrongly classified into another DT 

(i.e., false exclusion from the DT of interest): 

𝛼ௗ௕, ஽் =
∑ ௗ೏್, (ವ೅,ೕ)∀ೕ | ೕಯವ೅

∑ ௗ೏್, (ವ೅,ೕ)∀ೕ
, (2)

DT being the DT of interest for the database (db) in use. 𝛼ௗ௕, ஽் is actually calculated on a row-

by-row basis by means of the ratio of misclassifications (i.e., false exclusions from the DT of 

interest) to the row total.  



 

  
 

 

2. The Type-II error corresponds to the probability of failing to reject H0 when it is false, i.e. the 

probability of misclassifying a document into a specific DT of interest (i.e., false classification 

into the DT of interest): 

𝛽ௗ௕, ஽் =
∑ ௗ೏್, (೔, ವ೅)∀೔ | ೔ಯವ೅

∑ ௗ೏್, (೔, ವ೅)∀೔
, (3)

𝛽ௗ௕, ஽் is actually calculated on a column-by-column basis by means of the ratio of misclassifications 

(i.e., false classifications into the DT of interest) to the column total. Interestingly, the same element 

(𝑑ௗ௕, (௜,௝)) in the error table contributes to both of these two types of error. With reference to the 

application example, the values of 𝛼ௗ௕, ஽் and 𝛽ௗ௕, ஽் are reported respectively in the right and lower 

parts of the corresponding error tables (Tables 3 and 4). Again, some similarity is observed between 

the results obtained for the two databases. The map in Figure 4 provides a graphical representation of 

the above error statistics. The dashed lines represent Scopus and WoS values, which can be read on both 

the horizontal and vertical axes. In addition, for each of the DTs covered by a certain database, a 

corresponding point of coordinates (𝛼ௗ௕, ஽், 𝛽ௗ௕, ஽்) is plotted. 

Figure 4 – Map of error statistics, referring to the application example. 

CONCLUSIONS 

This paper proposed a new methodology for semi-automated analysis of a relatively large amount of 

scientific publications, which is useful in identifying DT-classification errors in the Scopus and WoS 

databases. Taking advantage of the discordance in DT classification between the two databases, the 

proposed methodology directly targets a subset of potentially misclassified documents for manual 
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analysis. In the application example provided, against a total corpus of 26,405 documents in both 

databases, only the 762 off-diagonal documents in the concordance matrix – corresponding to about 

2.9% of the total – were manually analysed. Additionally, 0.5% of the 25,643 diagonal documents 

(i.e., 129) were analysed randomly, finding no DT-assignment error and confirming the plausibility 

of the working hypothesis that concordant DT classifications are unlikely to be erroneous.  

This methodology could be used by individual scientists, institutions and even database managers to 

detect (and correct) DT-classification errors relatively quickly. Having license to use both databases, 

the novel methodology can be simply implemented using spreadsheets and/or pivot tables. In the 

future, the possibility of assisting the time-consuming manual analysis with AI-based techniques will 

be explored. In addition, a similar investigation based on a larger sample of publications is underway 

to determine more representative results of DT-classification errors from the two databases under 

consideration. 
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