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“Mapping Museums: the history 

and geography of the UK 

independent sector 1960-2020” 
AHRC, 2016-2021

• the UK museum sector has a problem with data 

• over the last 40 years several reports have noted the lack of an 

authoritative list of museums 

– no way of knowing how many museums there are in the UK

– where they are, what is their subject focus, patterns of 

opening/closing, levels of visitors 

– lack of information is particularly acute for small 

independent museums

• the Mapping Museums project was a response to this



Mapping Museums 

• the MM project aimed to analyse the emergence and 

development of the UK museum sector from 1960 to 2020 

• particular emphasis on the wave of small independent 

museums opening from mid 1970s

• the MM research team gathered and codified data on 4000+ 

UK museums – twice that of any previous study/dataset

• we developed an RDF database to store this data

• in parallel, we developed a Web Application comprising  

Browse, Search and Visualisation facilities for 

researchers to explore and analyse the data



“Museums in the Pandemic: 

risk, closure and resilience” 
AHRC, 2021-2022

• the MIP project is investigating how UK museums have 

responded to the COVID-19 pandemic

• aiming to understand which museums are at risk of closure and 

which remain resilient

• at the outset of the pandemic there was concern that many 

museums would not survive  

• “scraping” data from museums’ websites/social media posts  

• applying natural language processing and machine leaning 

techniques to identify trends as they emerge

• triangulating this data with data held about museums in the MM 

database



MM Data Collection 
• Digest of Museum Statistics (DOMUS) used as starting point 

due to its greatest coverage – approx 1800 accredited museums

• additional data added from 15+ other datasets: 

– official government surveys, e.g. 1963 Standing Commission 

Survey of Provincial Museums; Arts Council England data on 

accredited museums

– membership data from the Association of Independent 

Museums and the Museum Association

– historic and specialist archives, guidebooks, gazetteers, 

tourist boards

• also consulted online resources such as museums' websites, 

TripAdvisor and Wikipedia to give comprehensive coverage of 

entities considered as being “museums” by the public
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Database→Visualise



Number of open 

museums over time



Number of open museums 

over time, by Subject Matter



Number of open museums 

over time, by Governance



Number of museum

openings over time



Number of museum

closings over time



Number of museum openings 

and closings over time



Ongoing updates of MM 

• The need to keep the MM data up to date, beyond the funded 

end of the MM project, was raised by external stakeholders

• Follow-on funding from AHRC and from School of BEI allowed 

us to design and implement two new facilities: Add and Edit

• See MM website: Contact Us→Add Museum/Edit Museum Data

• External users can submit at any time data about new museums 

and edits to data about existing museums

• Internal users (“data curators”) inspect these proposals, correct 

and extend them, and submit them to the database for execution 

and archiving



MIP: Start of data collection 

• We identified 62 museums that had made statements on their 

websites/social media about the effects the pandemic was 

having on them

• We found their website, facebook, and twitter URLs through 

manual web search

• This sample was then used to 

(i) identify key linguistic phrases used by museums to refer 

to the effects the pandemic was having on them

(ii) gain understanding of museums’ URLs, to as to  

implement automatic discovery techniques (for over 

3,300 open museums)



MIP: linguistic phrases 

and Activity Indicators 
• Two of the MIP project’s museum studies experts read through 

the websites of the initial sample of 62 museums

• They found 278  phrases relating to the pandemic

• Covered a variety of themes e.g.

– closure : “currently we are closed due to Covid restrictions”

– fundraising: “support us in this pandemic”

– online initiatives: “we are still telling our stories online”

• In an iterative process, the whole project team collaborated to 

derive a set of Activity Indicators capturing the full semantic 

scope of the set of 278 indicative phrases

• Consensus was reached on 22 indicators, including:



Activity Indicators (selected)
Theme Indicator Example phrase No. Phr.

closure closed currently we are currently closed to 

visitors

21

closed indefinitely closed until further notice 4

closed permanently we have to inform you of the 

decision to close

4

finances finance health we are keeping our survival 

appeal open

6

did not get funding we have been overlooked 

for grant funding

7

fundraising a successful crowdfunding 

campaign was launched

45

online 

activity

online engagement blog pages, which are 

regularly updated

12

online event we have Virtual Talks 8

online exhibition virtual tour now available 7



Activity Indicators (cont’d)
Theme Indicator Example phrase No. Phr.

open/

reopen

open currently Now open for careful visitors 3

Online shop open Visit our online shop 8

reopen intent look forward to welcoming 

you again soon

35

staffing hiring staff We are hiring new 

volunteers

8

staff working help our reduced team keep 

our site safe and clean

11

Misc. language of difficulty a very challenging time 37

made Covid safe Find out how we've made 

your visit safe

1

project postponed Our guided tours have been 

postponed until later in the 

year

3



MIP: website identification 
• We began with the museums listed in the MM database, retaining only the ones 

known to be open in January 2020 (some 3,300 open museums)

• We produced a stratified sample of 400 open museums, corresponding to 12% of the 

total number of open museums 

• The stratification was conducted by museum Size, Governance, Accreditation and 

Region, as recorded in the MM database, ensuring the representativeness of the 

sample across these key attributes

• For each museum in the stratified sample, we generated the top 10 results from 

Google Search for museums’ websites, Facebook and Twitter accounts

• Two of the project's museum studies experts annotated the resulting dataset, 

classifying each Google Search result as “valid” or “invalid” 

• We used this dataset relating to the 400 museums for training+testing

• We trialled a variety of ML algorithms, finding that Random Forests were the best 

performing, achieving an accuracy of over 98% for museums’ websites

• A lower accuracy was achieved the museums’ facebook and twitter accounts (80-

85%), so for these we also “scraped” the facebook/twitter URLs from the museums’ 

websites, if present, and used these to enrich the machine-learned URLs



MIP: scraping museums’ 

websites and social media

• We implemented a “scraping” tool to periodically and automatically collect content 

from the museums’ websites (the home page and first level of linked pages)

• The first scraping session occurred on 4 March 2021, and was then repeated on a bi-

weekly basis 

• Starting from the 2,223 Twitter accounts and 2,547 Facebook pages we identified as 

being managed directly by museums, we developed software to collect historical 

tweets and Facebook posts, from 1st January 2019 to date

• The Twitter museum accounts represent 66% of open museums, and we retrieved all 

tweets, re-tweets, and responses for the study period. 

• The Facebook pages we identified represent 76% of open museums

• This text corpus is used to extract activity indicators, as well as to perform specific 

lexical searches using an additional interactive tool implemented by Andrea Ballatore
(the MIP Search App)



MIP: activity indicator 

extraction 
• To detect the occurrence of activity indicators in the website, twitter and facebook text 

corpus, we devised a Bag Of Words-based model, combining lexical matching, 

semantic similarity, and supervised machine learning classification

• We used a sample of 700 text sentence/indicative phrase pairs for training+testing

• Two members of the project team independently annotated this dataset, resolving 

ambiguous cases through subsequent discussion involving a third team member

• Convolutional Neural Networks emerged as the top performing ML model, with an 

accuracy of  80%

• This was deemed satisfactory overall, considering the intrinsic limitations of the BOW 

model, the large number of activity indicator categories to identify, and the limited 

training data available

• However, there was high variability between different indicators e.g. some had high 

accuracy on a large number of cases, others were almost absent from the corpus



MIP: activity indicator 

extraction (cont’d) 
• The whole project team discussed each indicator’s reliability and semantic 

interpretability, opting for one of three actions: 

– keep the indicator, 

– drop the indicator, 

– merge the indicator with one or more others

• Some indicators were removed because they were only marginally present in the 

training dataset and the text corpus: e.g. closed permanently, finance health, did 

not get funding, online shop open, hiring staff, and all the “Misc.” indicators

• Other indicators were insufficiently distinguishable semantically from one another 

and were therefore merged into a single indicator e.g. 

– closed indefinitely with Closed currently

– online event and online exhibition with Online engagement

• This process resulted in six indicators each with high accuracy: Closed currently, 

Funding, Online engagement, Open currently, Reopen intent, Staff working



Websites: indicators over time 



Drilling down into Governance 

• …



Drilling down into Size & Gov’nance



Social media: total indicators over 

time 



Facebook: indicators over time 



Twitter: indicators over time 



Preliminary findings (see 

MIP project blog for details)

• Some 550 museums remained completely closed 

as of September 2021 (four months after the 

relaxation of restrictions) for reasons connected to 

the pandemic

• There were also references to closure of parts of  

museums’ sites (e.g. cafés, galleries)

• So, in addition to museums that were entirely 

closed, many more museums were experiencing 

some degree of closure



Preliminary findings 

• Local authority museums were more likely to have 

reopened than not-for-profit and private museums

• Accredited museums were more likely to have 

reopened than unaccredited ones, and to be  

making fewer references to closure

• Larger museums were more likely to be reopening 

than smaller museums, and again making fewer 

references to closure



Preliminary findings 
• Fewer museums closed during 2020 and 2021 than 

in previous years, most likely because of the 

furlough scheme and other sources of funding (see 

http://blogs.bbk.ac.uk/mapping-museums/2021/07/01/funding-for-uk-museums-during-the-pandemic/)

• Fewer museums opened during 2020 and 2021 than 

in previous years, though with upturn in 2021

• Thus, there is still uncertainty about the longer-term 

effects of the pandemic on the sector

• Other parallel risks (cuts to local authority budgets, 

rise in running costs, loss of staff) are in fact now 

causing greater concern to the sector 



Ongoing research 

• Completing analysis of Activity Indicators, covering 

online data collection up to end May 2022

• In-depth analysis of the social media data:
– did museums switch to digital in the pandemic?

– quantity of activity, levels of engagement by followers

• Updating analysis of the MM data, to end of 2021 

• Detailed investigation into museum closure:
– does it vary with respect to subject matter, size, governance, accreditation?

– are closures correlated with local geographic/demographic characteristics? 

– are closed museums replaced, amalgamated, simply disappear?

• And into the collections of closed museums:
– what happens to museum’s collections after closure? 

– are collections more likely to move from less affluent to more affluent areas? 

– do they remain accessible to museum audiences? 


