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Abstract 
Grey literature is research that has not been written with the intent to publish in a traditional journal or book. From 

this, and due to its unstandardised nature, its impact in academia can be difficult to identify. Research impact can 

be assessed in multiple ways, with citation analysis a usual method. Impact can include the citing of an output, but 

in some situations, cited references may be useful in assessing ‘academic impact’. Cited references in grey 

literature, however, may reflect ‘non-academic impact’ of research such as in policy making, clinical practice or 

legislation. This study introduces and tests a semi-automatic method to measure cited references in grey literature 

with unknown standardisation of references. Metadata (lead author surname, title, year) of 2.45 million Russell 

Group university outputs were collected, added to known citation metadata from a 100-document sample of UK 

government grey literature, and then searched within each document, assessing the accuracy of 21 proposed 

variations of matching terms. A ‘best method’ is proposed (lead author surname and title in either order, maximum 

of 200 characters apart) to show cited references present, enabling the ability to analyse impact differences impact 

across subject areas and years within grey literature in future studies. 

Introduction 

Grey literature is a term which describes text-based documents not published in a standard 

academic format (e.g., books or journal articles, IGLWG, 1995). These documents are usually 

produced by organisations that do not focus on publishing (Schöpfel, 2010, p.11). Grey 

literature includes, but is not limited to, unpublished research, governmental reports, policies, 

conference proceedings, theses and dissertations (GreyNet International, 2019; UNE, 2019). 

The use of standardised reference lists in grey literature has not been widespread (Benzies et 

al., 2006), complicating their automated extraction and assessment. 

Academic research impact has been mainly based upon counting citations from formal 

academic publications (e.g., journal articles) with traditional citation indexes such as Scopus or 

Web of Science. Nevertheless, other types of non-standard publications may be needed for 

monitoring the wider benefits of academic research. For instance, in the context of the UK 

Research Excellence Framework, impacts on “economy, society, culture, public policy or 

services, health, the environment or quality of life, beyond academia” must be demonstrated 

(REF, 2019, p.68). Cited references in grey literature can form part of this evidence by showing 

specific non-academic uses of research. For instance, World Health Organization (2020) 

guidance on water, sanitation, hygiene and waste management for COVID-19 has cited several 

scientific journal articles for healthcare policy making. The historical roots of research can also 

be found by analysing cited references (Marx & Bornmann, 2016), which can potentially show 

differences in impact across various literature. 

Although Altmetric (n.d.) counts references to academic research from grey literature and some 

previous studies have analysed documents citing grey literature in narrow contexts dating back 

varying years (Alberani, Pietrangeli & Mazza, 1990; Pelzer & Wiese, 2003; Cordes, 2004; 

Woods, Phillips & Dudash, 2020), no practical method has developed to systematically identify 



academic research citations in grey literature. In response, this article demonstrates a method 

to semi-automatically identify citations mentioned in grey literature. This would help 

researchers or research groups show the contribution of grey literature output within the 

scientific community, by showing how grey literature is both cited by other research (Bickley, 

Kousha & Thelwall, 2019, pp.1801-1812; Bickley, Kousha & Thelwall, 2020) and the types of 

studies cited. The latter of these is potentially one of the “additional possibilities for [cited 

reference analysis] application in scientometrics,” (Marx & Bornmann, 2016) and is the focus 

of this study. 

Research questions 

The goal of this study is to assess if a predictive method can be established that reliably and 

robustly captures citation mentions within documents, where reference sections are not indexed 

or known (grey literature). UK government publications are the focus, because of the large 

number of freely available online documents and the authors are familiar with the locale. The 

research questions are: 

 

1. Can references in non-standard grey literature be automatically identified accurately? 

2. Can a comparison of newly established methods be compared to determine a best 

approach within the context of grey literature repository impact assessment? 

Methodology 

The new data extraction method uses Publish or Perish and Webometric Analyst software to 

gather and analyse data. It was tested on a sample of grey literature. Twenty-one heuristics to 

extract citations were compared using Bland-Altman analysis and plots (Bland & Altman, 

1986). 

To imitate a dataset held by an institution or company wishing to assess impact of their studies 

in a wider context, a grey literature database was needed to extract documents. The UK 

government website was chosen because it contains high value and varied documents that 

provide useful impact evidence when citing academic research. It has previously been studied 

to investigate the impact of these documents (Bickley, Kousha & Thelwall, 2019, pp.1801-

1812; Bickley, Kousha & Thelwall, 2020), but not the references in them. 

Step 1: Google Scholar search (via Publish or Perish) 

Publish or Perish (Harzing, 2010) was used to identify digitised UK government reports indexed 

by Google Scholar during 2010-2018. Other programs such as Dimensions (Hook, Porter & 

Herzog, 2018) could also have been used. To generate effective searches, the ‘site:’ command 

was used together with the ‘filetype:’ command to limit the results to UK Government website 

documents in PDF format: 

site:gov.uk filetype:pdf 

 

The query was also amended and submitted to search for Microsoft Word documents (.doc and 

.docx), which are also present in the repository. Publish or Perish allows searching by year 

which was used to allow for discrepancies between years to be isolated so subject area 

differences can be analysed in a future study. From this, each query term above was searched 9 

times, one for each of 2010-2018, leading to a total of 27 different search queries (9 years, 3 

filetypes). This method found the URLs of about 65% (4,280 of 6,591) search results indexed 

in Google Scholar (4,206 PDF files, 74 Word documents; Table 1). 



Step 2: Downloading UK government reports 

Webometric Analyst (Services -> Download binary or text URLs) was used to download each 

document found by Publish or Perish. About 80% of the documents were successfully 

downloaded by Webometric Analyst (3,435 of 4,280; Table 1). The documents missed were 

likely due to some unstandardised PDF settings or document protection causing the automatic 

download of the file to fail. 

Step 3: Converting PDF files to text files 

The Xpdf command line tool (Glyph & Cog, 2019) through Webometric Analyst (Text -> 

Convert PDF files in folder to text) was used to automatically convert the PDF and Word 

documents to text, of which over 98% (3,374 of 3,425; Table 1) were successfully converted. 

Manual conversion of a PDF or Word document is possible, but the methods presented here are 

intended to form a basis for potentially larger scale studies where manual conversion is 

infeasible. 

Table 1. Documents found using Google Scholar, extracted using Publish or Perish, downloaded 

using Webometric Analyst and converted using PowerShell, with totals and success ratios for 

each step compared to the previous step (number of documents found using Publish or Perish 

out of number of documents shown in Google Scholar, for example), split by year/filetype. 

Year Filetype Google 

Scholar 

Publish or 

Perish 

Webometric 

Analyst 

Converted 

2010 pdf 801 281 242 236 

 doc 11 11 10 10 

 docx 1 1 1 1 

2011 pdf 1070 500 406 396 

 doc 11 11 11 11 

 docx 0 0 0 0 

2012 pdf 1030 565 462 451 

 doc 14 14 11 11 

 docx 2 2 1 1 

2013 pdf 905 586 469 464 

 doc 12 12 7 7 

 docx 1 1 0 0 

2014 pdf 911 612 486 479 

 doc 6 6 0 0 

 docx 2 2 0 0 

2015 pdf 633 536 435 432 

 doc 5 5 1 1 

 docx 0 0 0 0 

2016 pdf 496 461 361 358 

 doc 1 1 1 1 

 docx 4 4 2 2 

2017 pdf 372 370 301 297 

 doc 1 1 1 1 

 docx 1 1 0 0 

2018 pdf 299 295 216 214 

 doc 1 1 1 1 

 docx 1 1 0 0 

Total 6591 4280 3425 3374 

Success ratio N/A 64.9% 80.0% 98.5% 



Step 4: Identification and extraction of references 

The above steps produced 3,374 plain text UK government grey literature documents. Two 

random samples of 50 documents were selected for initial testing. One sample had reference 

lists and the other did not, produced using manual checking. 

The metadata and references for the 50 documents with references were manually extracted 

from the original PDF/Word documents to bypass automatic document processing errors (e.g., 

incorrect line breaks). The following metadata was also manually extracted: lead author 

surname, title and publication year. Reference titles with fewer than 5 words were removed 

(short titles may contribute to inaccurate results as the title is inherently more generic), and 

those with more than 10 words in the title were included but shortened to the first 10 words 

only to avoid matching problems (e.g., line wrapping). Table 2 shows the number of references 

in each document used, which only includes those with titles of 5 or more words (i.e., each 

document may contain more references that are not be included in the matching process). 

The metadata extracted as above from the documents formed a set of potential references that 

a computer program could try to match with the same (or another) set of documents. This would 

test the ability of the program to recognise the pre-selected reference list. This would be an 

unrealistically small set of references to match, however. Scopus references were therefore used 

to expand the set, as follows. Scopus Advanced Searches were used to download the metadata 

(authors, title and year) for all UK Russell Group university outputs, giving 2.45 million 

records. 

Step 5: Matching search terms using Webometric Analyst 

Webometric Analyst (Text -> Find two/three strings close together in a set of files) was used 

to match the references in the expanded list with the original documents. A bespoke routine 

was added to allow a batch of text files to be imported and then a matching file be added to 

search each document in the batch for matching terms. Two versions were created (one to match 

2 terms, another to match 3), and each version allowed for adjustable options; to allow for the 

pair (or triple) of terms to appear in any order or with a specific one first, and for the maximum 

distance in characters between the terms found to be classed as a match. 

The different methods changed which indicators to include. Four combinations of matching 

terms were chosen: 1) lead author surname, title and year, 2) lead author surname and title, 3) 

lead author surname and year, and 4) title and year. Because many reference formats start with 

author names (Pears & Shields, 2019), each option was repeated with the author forced to 

appear before the other terms (when included). Options of 50-, 100- and 200-character 

maximum distances between each term were chosen by inspection of references seen in many 

documents. A total of 21 different methods were created using combinations of these options 

and used in the results, and each is numbered in Tables 2 and 3 for identification purposes. 

Results 

For 18 of the 21 methods (1-12 and 19-21), 49 of the 50 documents without references are 

always correctly predicted to have no references (Table 2, combined into one row to avoid 

repetition). The remaining methods (13-18) are relatively large overpredictions for these 49 

documents, so although cited reference counts for each document is different, the fact that they 

are much larger than zero when zero is predicted by methods 1-12 and 19-21, means the exact 

value is unimportant. The remaining document without references is shown on its own row 

(Table 2) for clarity as all methods predict at least 1 cited reference when the true value is zero. 

For the 50 documents with known reference counts of at least 1, each document is shown on a 

separate row (Table 2) to illustrate the difference between the number of cited references known 

to exist in the document and each of the 21 methods’ predicted measure. 



Once calculated, Bland-Altman analysis (Bland & Altman, 1986) was used to compare the 

methods to the known number of manually counted references. Bland-Altman analysis is used 

traditionally in clinical contexts to compare two methods for estimation across multiple 

observations and is a simple way to estimate an agreement interval (limits of agreement), within 

which 95% of the differences of one method compared to the other, fall (Giavarina, 2015). 

However, it should be noted that these limits of agreement should be defined in advance for 

what the 95% central limit should be in terms of the variable being measured – it could be that 

the method proposed is still unacceptable if the limits are too large. 

For this study, as 21 varying methods are being proposed via different combinations of 

indicator-pairs/triples and distances, Bland-Altman analysis can be used to show which of the 

21 methods is best by finding the smallest (absolute) bias along with acceptably small limits of 

agreement compared to the known reference count in each document. For the best method, it is 

also necessary to state if the limits of agreement are acceptably small. This is because it is 

possible that the bias is for a method is close to zero but if the limits of agreement are too large, 

the method would be deemed unreliable. 

In general, if a measurement is to be taken of a specific variable, but this measurement is 

difficult or costly, it may be of interest to know the level of another variable which can be taken 

easily or relatively inexpensively. Bland-Altman analysis is appropriate here as large-scale 

manual counting of cited references in grey literature would be time consuming if not 

expensive. A paired Student’s t-test for the total number of references found by each method 

would be insufficient because it only compares group means rather than differences 

observation-by-observation, leading to ignoring false matches in this context. 

Table 3 shows the biases and standard deviation calculated using Bland-Altman analysis for 

each method and ranks them within both statistics (smaller absolute bias and standard deviation 

is better). The most accurate method in terms of the smallest absolute bias (-0.21) and standard 

deviation (1.76) uses the lead author surname and title (author not necessarily first), with a 

maximum of 200 characters between the two (method 12). The limits of agreement are 

calculated similarly to a confidence interval, meaning that 95% of the predictions would be 

within 3.4496 cited references (3.4496=1.96*1.76, 3 or 4 rounded to the nearest integer number 

of references) of the true value. It is deemed that this is acceptable for a ‘best-method’ proposed, 

but further research into the distance parameter may yield improvements, reducing this 

uncertainty. 

The same indicators used in the best method above, but with the author surname required to be 

first (method 9) was the second-best method for both statistics (bias=-0.28, standard 

deviation=1.78). All other methods have comparatively worse bias and/or standard deviation 

(e.g., method 21, using title and year with distance of 200, is ranked third in both statistics but 

the bias is more than double the best method). 

Negative bias implies that the method underpredicts the number of references in each document, 

whereas positive bias indicates overprediction. For the 15 methods with biases and standard 

deviations much closer to zero (methods 1-12 and 19-21), they show underpredictions, so these 

methods are missing matches (false negatives) rather than including (m)any false positives. The 

remaining 6 methods (13-18, using author and year) are wildly overpredicting the number of 

references (also large standard deviations), likely due to the generic nature of a single author 

surname and a 4-digit integer, both of which could commonly be contained within other strings 

of text (e.g., “Ng 2018” is a common surname and potential year combination, but would show 

as a match in the string “predicting 2018 as a more fruitful year”). A space in front of the lead 

author surname could remove this type of false positive, but if the author surname were 

preceded by other characters, text markup language (such a new line delimiters), or by nothing 

at all (if the author surname were the first text in the document), then there would be many false 

negatives. 



Table 2. All methods showing predicted number of references in each document against known number of references. 

Combination of 

indicators used 

Lead Author Surname, 

Title and Year 

Lead Author Surname 

and Title 

Lead Author Surname 

and Year 

Title and Year 

Author surname 1st Yes Not necessarily Yes Not necessarily Yes Not necessarily N/A 

Distance 50 100 200 50 100 200 50 100 200 50 100 200 50 100 200 50 100 200 50 100 200 

Method number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 

Doc. 

ID 

References 

in document 

                     

1 55 51 55 55 51 55 55 51 55 55 52 56 56 1882 3032 4650 2050 3276 5030 54 54 54 

2 11 7 14 17 8 15 18 7 15 18 8 16 19 2140 3083 4571 2195 3198 4757 18 19 19 

3 27 5 10 19 9 18 25 19 20 22 22 23 25 1678 2523 3534 1734 2608 3658 17 23 23 

4 10 6 7 8 6 7 8 6 7 8 6 7 8 459 761 1152 503 812 1243 8 8 8 

5 10 10 10 10 10 10 10 10 10 10 10 10 10 521 806 1245 608 928 1430 10 10 10 

6 103 75 103 103 75 103 103 76 103 103 76 103 103 2932 4415 6296 3008 4516 6508 100 100 100 

7 1 1 1 1 1 1 1 1 1 1 1 1 1 81 136 255 116 181 300 1 1 1 

8 3 1 3 3 1 3 3 1 3 3 1 3 3 1805 2647 3686 1906 2799 3902 3 3 3 

9 10 15 15 15 15 15 16 19 19 19 19 19 19 1358 2153 3174 1496 2361 3471 15 15 16 

10 3 3 3 3 3 3 3 3 3 3 3 3 3 345 579 887 387 663 1041 3 3 3 

11 9 0 2 4 0 2 4 7 8 8 7 8 8 110 187 307 146 253 431 4 4 5 

12 38 38 38 38 38 38 38 38 38 38 38 38 38 1210 1765 2376 1243 1820 2483 38 38 38 

13 76 64 74 76 64 74 76 64 74 76 64 74 76 2270 3362 4761 2333 3468 4929 76 76 76 

14 60 26 51 58 26 53 62 34 56 62 34 56 62 2867 4196 6056 2929 4322 6247 62 62 62 

15 9 8 8 8 8 8 8 8 8 8 8 8 8 341 570 868 438 732 1119 8 8 8 

16 61 47 57 58 47 57 58 48 58 59 48 58 59 2901 4182 5899 2971 4292 6092 58 58 58 

17 6 5 6 6 5 6 6 6 6 6 6 6 6 699 927 1158 718 964 1208 6 6 6 

18 29 23 28 28 23 28 28 28 30 30 28 30 30 849 1296 2063 880 1367 2195 28 28 29 

19 22 22 22 22 22 22 22 22 22 22 22 22 22 1049 1578 2327 1133 1697 2510 22 22 22 

20 48 38 47 49 38 47 49 38 47 49 38 47 49 1429 2184 3216 1528 2346 3437 49 49 49 

21 17 3 18 18 3 18 18 3 18 18 3 18 18 425 659 1021 500 772 1166 18 18 18 

22 69 55 64 69 57 64 69 58 67 69 58 67 69 2236 3176 4358 2342 3330 4558 68 69 69 

23 135 66 128 132 66 128 132 67 127 131 67 127 131 2355 3343 4610 2429 3416 4711 132 132 132 



24 69 46 65 68 46 65 68 47 65 69 47 65 69 1998 2882 4025 2095 3024 4236 67 68 68 

25 9 5 5 5 5 5 5 5 5 5 5 5 5 496 782 1152 552 865 1275 5 5 5 

26 39 35 37 37 35 37 37 35 37 37 35 37 37 960 1453 1919 1034 1538 2061 37 37 37 

27 102 4 35 99 11 40 100 92 105 105 92 105 105 2468 3623 5108 2588 3789 5367 75 99 103 

28 5 5 5 5 5 5 5 5 5 5 5 5 5 219 373 557 285 488 714 5 5 5 

29 1 1 1 1 1 1 1 1 1 1 1 1 1 299 430 673 342 492 772 1 1 1 

30 34 30 34 34 30 34 34 30 34 34 30 34 34 861 1386 2023 968 1544 2316 34 34 34 

31 15 11 13 14 11 13 14 13 15 15 13 15 15 1522 2204 3059 1614 2362 3275 12 13 14 

32 4 2 4 4 2 4 4 3 4 4 3 4 4 617 912 1343 696 1031 1508 3 3 3 

33 9 3 4 8 3 4 8 3 4 8 3 4 8 321 597 932 382 686 1053 10 10 10 

34 15 11 13 13 11 13 13 11 13 13 11 13 13 366 582 862 472 744 1095 13 13 13 

35 19 7 15 19 7 15 19 7 15 19 7 15 19 621 1007 1445 663 1079 1582 19 19 19 

36 12 3 6 11 3 6 11 4 8 11 4 8 11 876 1456 2238 935 1612 2530 11 11 11 

37 20 11 13 15 11 13 15 11 13 15 11 13 15 1669 2524 3584 1742 2633 3734 15 15 15 

38 103 49 82 95 49 83 96 51 86 99 51 86 99 2974 4320 5964 3133 4537 6265 98 98 99 

39 53 31 48 51 31 48 51 38 49 51 39 49 51 1512 2301 3318 1623 2439 3563 49 49 49 

40 12 8 9 9 11 12 12 10 10 10 12 12 12 467 627 924 530 733 1085 10 10 10 

41 7 5 6 6 5 6 6 5 6 6 5 6 6 583 923 1261 633 993 1382 6 6 6 

42 6 4 5 5 4 5 5 4 5 5 4 5 5 368 535 768 426 625 878 5 5 5 

43 17 13 14 14 13 14 14 13 14 14 13 14 14 902 1554 2321 995 1684 2515 14 14 14 

44 12 12 12 12 12 12 12 12 12 12 12 12 12 625 922 1337 687 1034 1455 12 12 12 

45 83 65 79 79 65 79 79 65 79 79 65 79 79 2467 3738 5417 2559 3880 5672 79 79 79 

46 84 0 1 42 0 7 46 20 80 80 20 80 80 2669 4091 5569 2764 4256 5757 31 69 80 

47 15 12 14 15 12 14 15 13 15 15 13 15 15 939 1325 1907 990 1406 2029 15 15 15 

48 107 0 1 66 0 5 68 38 105 105 38 105 105 2559 4086 5907 2642 4255 6130 42 86 102 

49 22 11 19 22 11 19 22 11 19 22 11 19 22 1545 2156 2884 1630 2281 3076 22 22 22 

50 6 3 5 6 3 5 6 3 5 6 3 5 6 1157 1523 2122 1171 1545 2157 6 6 6 
49x 

docs. 
0 0 0 0 0 0 0 0 0 0 0 0 0 

All 

>0 

All 

>0 

All 

>0 

All 

>0 

All 

>0 

All 

>0 
0 0 0 

1x 

doc. 
0 1 1 1 1 1 1 1 1 1 1 1 1 480 724 1099 571 869 1322 1 1 1 

Total 1692 957 1310 1556 974 1340 1579 1165 1605 1664 1173 1612 1671 76396 114983 165368 81540 123089 177634 1496 1612 1648 



Table 3. All methods showing bias (mean of known and method-reported number of references), 

standard deviation and rank of each (smaller absolute bias and standard deviation is better). 

Method 

number 

Bias Standard 

deviation 

Bias 

rank 

Standard 

deviation 

rank 

1 -7.35 19.01 15 15 

2 -3.82 15.04 11 13 

3 -1.36 6.04 8 8 

4 -7.18 18.66 14 14 

5 -3.52 14.18 10 12 

6 -1.13 5.61 7 7 

7 -5.27 13.27 13 11 

8 -0.87 2.67 6 5 

9 -0.28 1.78 2 2 

10 -5.19 13.27 12 10 

11 -0.80 2.64 =4 4 

12 -0.21 1.76 1 1 

13 747.04 809.24 16 16 

14 1132.91 1209.32 18 18 

15 1636.76 1720.39 20 20 

16 798.48 835.59 17 17 

17 1213.97 1250.06 19 19 

18 1759.42 1783.49 21 21 

19 -1.96 8.85 9 9 

20 -0.80 3.04 =4 6 

21 -0.44 1.78 3 3 

 

Bland-Altman plots of the methods can illustrate the difference between the known and 

predicted number of references against mean of the two. A ‘good’ prediction method (Figure 

1) shows a scatter plot which has similar spread across all parts of the x-axis (mean of known 

and method-reported number of references), ideally with points being close to zero on the y-

axis (difference between known and method-reported number of references), meaning narrow 

limits of agreement. It follows that this method would then have low bias and standard deviation 

(limits of agreement), meaning the method presented is a good predictor of the true measure. 

An unsuitable method (Figure 3) would show ‘fanning-out’ along the axis from left to right. 

Here, as all measures are positive integers and the worst of the prediction methods presented 

wildly overpredict rather than underpredict, ‘one-sided fanning-out’ is shown but leads to the 

same conclusion; larger bias and limits of agreement are visible. 

Figures 1-3 show Bland-Altman plots from the best ranked method (12), the worst ranked of 

those with relatively close-to-zero bias/standard deviation (method 1) and the worst ranked 

overall (method 18). Bland-Altman plots for the other methods (Figures 4-21) are shown in the 

online Appendices (Appendices 1-18, Bickley, Kousha & Thelwall, 2021). 



 

Figure 1. Bland-Altman plot of agreement between method 12 (lead author surname and title, 

author not necessarily first, distance 200) and known reference count of 100-document sample, 

the best method proposed. 

 

 

Figure 2. Bland-Altman plot of agreement between method 1 (lead author surname, title and 

year, author first, distance 50) and known reference count of 100-document sample, showing 

larger bias/limits of agreement (bias ± 1.96 SD) to Figure 1. 

 



 

Figure 3. Bland-Altman plot of agreement between method 18 (lead author surname and year, 

author not necessarily first, distance 200) and known reference count of 100-document sample, 

demonstrating a poor method with ‘one-sided fanning-out’. 

Discussion and limitations 

The best method found here does not necessarily represent the new ‘gold-standard’ to measure 

impact of grey literature upon standard academic output but is an accurate and reliable approach 

for use in further research. In this way, the combination of options above that lead to the smallest 

difference (bias) and variation across all records is the aim, allowing the conclusion that the 

best method proposed has both high recall and precision. The best method was deemed to 

having an acceptably low standard deviation/limits of agreement, but further research into the 

methodologies here may present a way at reducing this variability while keeping the bias small. 

The distances between indicators chosen were arbitrary. A pattern in the result shows that of 

the more feasible approaches (methods 1-12 and 19-21), the larger the distance between 

matching terms, the smaller the absolute value of the bias and the standard deviation, hence 

more accurate and precise. It is plausible that a larger distance may obtain a more accurate 

method, although this was not tested in this research. 

It is possible that due to the short nature of some lead author surnames and years, they could be 

contained within other strings, leading to false positives. The best method proposed here does 

not make use of the year of a reference but does include lead author surnames. An extended 

method could include looking for a preceding line break (in the case of most reference lists 

where each reference starts with the lead author surname) and/or a following comma (a common 

format in references, Pears & Shield, 2019). However, this brings extra complexity to the 

method and may cause missed matches if the grey literature uses a non-standard format. 

The results are limited to using a single case study (UK government grey literature publications 

matched with Russell Group university academic output). It is possible that other grey literature 

repositories may have more standardised ways of reporting references within documents or 

recording these within metadata (e.g., Scopus), but this method has been designed to be 

applicable to any text documents, regardless of definition or knowledge of content. 

Although this study has been limited to a sample of documents taken from a single grey 

literature repository, the inclusion of tools such as Publish or Perish and Webometric Analyst 



allow for much larger scale studies to use the methodology presented here. This process has 

been undertaken in a later study, with promising results assessing impact of an entire repository 

and allowing for subject areas differences to be seen. 

Conclusions 

In answer to the research questions, it is possible to count the number of references in a batch 

of files in a semi-automated way by using the combinations of indicators above, hence 

identifying reference sections. This was possible here as a large list of metadata was collected 

from Scopus – the hardest part of this method due to the manual collection. If these tests were 

to be repeated by other users, it may be useful to find an automated way of collecting data like 

this, and to make sure the origin of potential matches is suitable (i.e., US-based journals/books 

if undertaken on US-based repositories). 

The exact number of citations here may be trusted as the lead author surname, title and year of 

the known matches were deliberately included in the matching process to check if the method 

is reliable for both false positives and negatives. In addition, 21 different combinations of 

options were tested extensively to determine a best approach. The ultimate method proposed 

(lead author surname and title in either order, a maximum of 200 characters apart) has low 

underestimation of reference count and can be treated as effective. However, when performing 

on a dataset with potentially any number of references, any method is likely to present many 

missed matches due to the unknown nature of potential citations – all academic output from all 

recorded years would have to be included in the list of matching terms to remove this problem. 

It may be more appropriate to use the method proposed here to assess impact in terms of 

proportion between different subject areas rather than pure numbers or if the scope of academic 

references used is small and known. A future project using this method on a wide scale within 

different subjects is underway by the authors of this paper. 

Researchers wishing to assess impact of their own grey literature should endeavour to create 

DOIs where appropriate so persistent identifiers already used to assess impact by other 

mediums (Altmetric, n.d.) can be extended into the grey literature realm. 

Appendices 

Appendices 1-18, as mentioned in this study, can be found in the online Appendices (Bickley, 

Kousha & Thelwall, 2021). 
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