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Chapter 10

More Than Just 
Algorithms:
A Machine Learning Club for 
Information Specialists
Mark Bell and Leontien Talboom

Introduction
Over the last few years, artificial intelligence (AI) and especially machine learning (ML) 
have become increasingly prominent in most industries, with the humanities sector being 
no exception. A number of institutions across the galleries, libraries, archives, and muse-
ums (GLAM) sector have been experimenting with and implementing algorithms or 
other computational techniques. Examples include The Living with Machines project 
at the British Library and the Alan Turing Institute, and The Museums + AI Network.1 
Specialised academic labs, like Yale’s DHLab and Oxford’s Visual Geometry Group, are 
also doing work related to ML.2 At The National Archives (TNA) of the United Kingdom, 
activities include co-organising both the Computational Archival Science Network and an 
explainable AI workshop3 as well as hosting an AI symposium for the archive sector and 
last year’s Annual Digital Lecture on the topic of algorithmic bias.4 TNA’s Digital Strategy 
includes applying ML for appraisal, selection, and sensitivity review as well as improving 
access to the collections. It also emphasises the importance of developing “digital capa-
bility, skills and culture” within the organisation.5
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Literature Review
A recent Archives, Access and AI conference showcased a number of projects that either 
use AI or aspire to do so.6 The conference was not limited to speakers from the archives, 
as the title would suggest, but from organisations all across the humanities sector. For this 
chapter, the term information specialist will be used to refer to people from across this 
sector who acquire, appraise, and preserve materials. This group is starting to understand 
that their role with regard to computational methods, including ML, is changing. Public 
awareness of ML tools is also increasing. A 2016 survey by Ipsos Mori and the Royal 
Society found that only 9 percent of those surveyed recognised the term machine learning, 
yet 76 percent of respondents were aware of applications such as speech recognition and 
question answering, even if they didn’t know they were powered by ML.7 A similar poll 
in 2019 conducted by Kantar Public found that only 7 percent of respondents had never 
heard of AI, while 12 percent thought they knew a lot.8 It should be noted that the term 
AI is far more ubiquitous in popular culture than ML, which may explain the disparity. 
Increasing awareness is partially explained by the increased automation in people’s lives 
but also due to initiatives such as the Royal Society’s Machine Learning project and the 
Finnish Government’s Elements of AI course, which aims to educate 1 percent of Euro-
pean citizens on the basics of AI by 2021.9

There is also a growing societal awareness of what data can and cannot be used for, 
along with increased recognition of what can happen without the correct safeguards in 
place, such as amplifying existing biases within the data.10 Mordell warns that all the 
social justice work done across the sector could be undone by the implementation of 
computational methods.11 Griffey also warns about similar implications if these tools are 
not approached with caution.12 Johnsson, Jakeway, et al. talk about how this technology is 
not only technical but also social and far more subjective than may be thought, as it relies 
on human judgment and biases.13 It is not only about being cautious when implementing 
these tools; a number of papers have highlighted how critical the information special-
ist’s skills—such as appraisal, selection, and cataloguing—are in the digital age.14 Some 
researchers, however, argue that highlighting the problems and benefits is not enough and 
that there needs to be an emphasis on how important it is to engage in these discussions.15

Information specialists face other barriers when they implement these tools and exper-
iment with them. Common barriers to AI projects include having insufficient data in 
the right format and insufficient skilled resources to take experimentation forward. As a 
result, growth can be witnessed in automated ML products, such as Google’s AutoML,16 
which aim to democratise the building of models. The rationale is simple: data scientists 
are rare and therefore expensive and difficult to recruit, whereas there are millions of 
software developers already embedded into organisations.17

While processing a dataset of labelled example records (training data) through a 
proprietary “black box” algorithm is generally cheaper than hiring a data scientist, there 
is a loss of control over the process, including the ability to adjust the results and to explain 
the methods. Automated approaches take the focus away from the algorithms, which 
are hidden, and put it back firmly on the data that is used to train them. Information 
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specialists will become critical to the selection and creation of training data. This is a para-
digm shift from a world where software developers elicit rules from users then design and 
develop a system that implements those rules. Subject matter experts now need to commu-
nicate with data scientists about selecting the right model that suits both the data and 
the application. These decisions are often a balance between accuracy and explainability.

Explainability is a rising trend in the debate around AI. Machine learning can be 
separated between statistical and algorithmic approaches, which Breiman describes as 
the “two cultures.”18 While both ultimately result in predictions, the statistical approach 
begins with identifying underlying models that describe physical phenomena, whereas 
algorithmic approaches are results-focused. Deep learning is used for complex tasks, 
such as image recognition and handwritten text recognition.19 The “deep” part refers to 
the depth, or number of layers, in a neural network algorithm, each layer being a matrix 
of weights that are applied to the input data as it passes from layer to layer. The deeper 
the network, the more generalisable it becomes, but depth leads to greater complexity.20

Machine learning algorithms are evaluated against benchmark datasets, often termed 
the common task framework (CTF).21 While this has led to incredible progress, many 
computer scientists are more focused on the performance of the tool than the under-
standing of how it functions,22 which has led to some of the leading researchers in the field 
referring to it as “alchemy.”23 There have been attempts made to better understand neural 
networks with projects such as The AI Detectives.24 Efron and Hastie consider empirical 
approaches like the CTF to be “ultimately unsatisfying without some form of principled 
justification.”25 While they are optimistic that the statistical inference community will 
eventually connect modern machine learning algorithms to a “central core of well-under-
stood methodology,” the issue remains that highly complicated tools are being built and 
the understanding of their internal workings is limited.26 There is also the added problem 
that the benchmark datasets are not representative of the collections that information 
specialists would like to process with algorithms.

In order to address the growing interest in AI at TNA and the growing concerns 
around the ethical implications of these tools, a set of workshops entitled Machine Learn-
ing Club was organised. Members from all areas of the organisation attended the sessions. 
The aim of these workshops was not to turn information specialists into data scientists but 
rather to develop an understanding of what ML can offer to archives and which skills are 
needed to make the implementation of these tools successful. The sessions were designed 
to prepare staff to identify opportunities, remain alert to pitfalls, and be able to engage 
confidently with these exciting new technologies. This chapter explains how the Machine 
Learning Club was created and the content covered in the session. The knowledge and 
confidence gained from participating in the club are also discussed.

Machine Learning Club
The Machine Learning Club (MLC) was created to respond to a growing interest in the 
digital preservation team at TNA for more hands-on experience with ML. In order to 
pilot this initiative and measure the level of interest across the organisation, the authors 
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organised a series of lunchtime talks. These talks focused on different aspects of ML, 
starting with data preparation and a discussion of some well-known algorithms. Each talk 
lasted an hour and included further readings and examples of where to get practical expe-
rience. The club was well attended with around thirty attendees each session. Participants 
received homework assignments every session; however, there was little engagement with 
these assignments. Feedback received during the concluding session included a desire 
from participants to get more hands-on experience with this technology.

The authors initially selected Machine Learning Mastery and Towards Data Science 
as examples of online ML tutorials for the lunchtime talks.27 These tutorials, however, can 
be highly technical and geared toward budding data scientists as well as require specific 
computer applications that present logistical challenges with regard to installation. The 
authors decided to modify the lunchtime talk sessions and create meaningful and relatable 
tutorials for information specialists. They presented these in four three-hour workshops 
offered monthly, providing aid and guidance when needed. Due to the large time commit-
ment and the incremental nature of the workshops, the participants had to register and 
confirm with their manager that this time could be spent on MLC.

The organisers chose to use Google Colab as the environment to run the tutorials 
to avoid the technical issues surrounding installation of software applications and the 
lack of technical skills.28 The Google-hosted “notebook” environments are run from the 
browser, making it unnecessary to install any software, and the computer code is run by 
clicking a play button in a cell.29 The participants could therefore focus on the results given 
by the code and not on trying to get it to function. The tutorials and data were hosted 
on Google Drive, an environment familiar to most, which removed the barrier of trying 
something new. An example of one of the Google Colab tutorials from the MLC can be 
seen in figure 10.1.

Figure 10.1
Part of an MLC tutorial, which is hosted on Google Colab. The first part of the tutorial 
consists of a piece of code that can be run by clicking the play button on the left-hand 
side. This will run the code and produce the underlying graphs as an output.
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Session 1
The first MLC session focused on data analysis and data cleaning, which are important first 
steps in an ML workflow. The organisers started the session with a survey to measure the 
participants’ knowledge of ML and to understand their motivations to take part in these 
workshops. They also used this information to modify the course materials for subsequent 
sessions. The presenters provided a general overview of the course and explained some 
basic ML concepts. The participants then took part in three tutorials, which involved 
different techniques and increasing levels of complexity.

The organisers selected a simple zoological dataset for the first tutorial.30 Given that 
the dataset was in good condition, the presenters added a number of mistakes to deter-
mine if the participants could identify them. The tutorial focused on simple visualisa-
tion techniques, such as bar charts, for exploring numerical datasets. The second tutorial 
explored a US Census Income dataset, which was both numerical and categorical, making 
it more complex than the first dataset.31 The participants learned statistical summarisa-
tion techniques, such as medians, averages, and quartiles, to aid them in understanding 
the data. This dataset also presented opportunities to discuss biases within the data. The 
final dataset, an Amazon food reviews dataset, was predominantly textual, which meant 
introducing word clouds and other text-mining techniques to be able to visualise this data, 
as the statistical techniques discussed in the other two tutorials would not be adequate 
for textual analysis.32

During this session, the presenters taught a basic understanding of the methods that 
can be used for different datasets and focused on the importance of data cleaning and 
gaining a thorough understanding of the data before using any type of ML. In order to 
encourage the participants to reflect on the activities and encourage wider group discus-
sions, the code in the Google Colab notebooks was interspersed with questions.

Session 2
During the second session, the organisers provided the first hands-on experience of two 
ML algorithms: nearest neighbours and decision trees.33 The participants began the work-
shop with a number of paper-based games (figure 10.2) to help build some intuition about 
how ML algorithms function. Nearest neighbours was introduced via a grid of playing 
cards, indexed by suit and number, and the participants had to decide whether to put 
down a blue- or red-backed card depending on the colour of nearby cards. To understand 
decision trees, the group was split into two and majority voting was used to build a tree for 
deciding whether to go outside depending on what the weather was. A third activity was 
used to explain the concept of decision boundaries,34 where participants learned that an 
algorithm will change from predicting one class to another. Teams had to place pieces of 
strings to divide the squares and triangles plotted on paper; there was a penalty system in 
place (e.g., a shape being on the wrong side of the string) that replicated the optimisation 
process used by ML.
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Figure 10.2
String, playing cards, and coffee: hands-on machine learning.

Following these exercises, there was a brief presentation to put them in context. The 
organisers then presented a number of tutorials to provide hands-on experience of the 
algorithms. In addition to the activities with the algorithms, the presenters explained 
two ways of assessing their performance: accuracy scores and confusion matrices. When 
participants needed more support, the presenters reviewed content from the previous 
session. The datasets used during this session were the same as the ones used in Session 1.

Sessions 3 and 4
Due to the COVID-19 pandemic lockdown, the organisers had to adapt the workshops 
to a new learning environment. They had originally planned to introduce an additional 
set of algorithms and compare them to the algorithms from Session 2. The organisers 
decided to keep this approach and include more content since they were no longer limited 
by the time restrictions of a classroom session. For this session, one data source was used: 
a set of categorised records from the Discovery catalogue at TNA.35 The organisers chose 
this data source mainly because it is an internal dataset that is both familiar and relevant 
to most of the participants and because it is a prime candidate for future applications of 
ML. They created four tutorials that exemplified a small ML project, with each tutorial 
focusing on a specific aspect of the ML process: data analysis, data preparation, ML clas-
sification, and interpretation/explanation. For each tutorial, participants had to use data 
introduced in the previous section, meaning that data selection decisions made in the 
first part of the tutorial could influence the ML accuracy in the third part. The goal was 
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to demonstrate that choices made throughout the ML workflow could have an impact 
later in the process.

Session 3 is currently the last session of the ML Club, and the organisers hope to hold 
a fourth one once the situation around COVID-19 is resolved. They aim to focus the last 
session on the explainability of ML tools. In the meantime, the organisers have decided to 
postpone this session until it can be run in a classroom environment. They intend for the 
session to be heavily discussion-based, and their aim is to gather perspectives informed by 
the attendees’ differing backgrounds. The intention is to break new ground in exploring 
the potential of ML from an information specialist viewpoint.

Discussion
Given the fact that these workshops were a new initiative, the organisers began Session 
1 with a survey to gain a better understanding of the skills of the information specialists 
and their expectations with regard to the workshops. By combining the survey results 
with the participants’ feedback during the sessions, the presenters were able to design 
each workshop around the needs of the attendees.

The organisers’ decision to use Google Colab as the main environment was very bene-
ficial. The environments could be run from any computer or device, without spending a 
lot of time downloading and installing software, which left more time for teaching and 
discussions. The information specialists were able to engage in the hands-on experience 
they were hoping for due to Google Colab. The attendees with no Python experience 
could still run code and interpret the results, while experienced coders could delve into 
the functions being used. Additionally, individuals with limited knowledge of Python 
attempted to experiment with the code, which was a positive and surprising outcome.

While the simple design and code initiation of Google Colab was a benefit, it was 
also its greatest drawback. Participants can simply press the activation button and not 
fully engage with the material. To solve this issue, the organisers included regular ques-
tions in the tutorials to prompt a more critical analysis of the visualisations or numerical 
summaries, and participants were also encouraged to work in groups and discuss amongst 
themselves. Group discussions had little success with most participants working in silence; 
however, participants were not afraid to ask questions. A participant in Session 1 asked, 
“What do you mean by algorithm?” which led to a discussion about the difference between 
standard algorithms being more analogous to recipes and the ML algorithms, which detect 
and learn from patterns in data.

To encourage group discussion and better exemplify ML algorithms, the organisers 
made changes to their approach for the second session. They created paper exercises and 
designed activities that required teamwork to test a wide range of parameter settings. 
Discussion was an important element of the classes and led to a number of interesting 
questions that showcased how the different perspectives of information specialists can 
be very beneficial to the ML conversation. They were particularly interested in data 
provenance, and their questions often highlighted the importance of contextualisation to 
information specialists, which would not necessarily be of concern to computer scientists. 
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The organisers noticed that the participants needed to understand everything, which led 
to several participants engaging in deep research about zoological classifications and 
causing some consternation when presented with an algorithm that was too complex 
to explain.

The exercises in the second session gave participants an opportunity to “think like an 
algorithm,” and the presenters frequently referred to them in the sessions to enable partic-
ipants to relate what was happening in Google Colab with their experience of placing a 
piece of string between points. Most participants had no issues with the level of Session 
1, but Session 2 appeared to be more challenging for many. This discrepancy is likely due 
to the fact that the tools of data analysis (graphs, numerical summaries, word clouds) are 
familiar, whereas ML introduces a number of new and often abstract concepts. A number 
of participants have therefore taken the opportunity to revise the older material before 
commencing the Session 3 tutorials.

A participant in Session 3 expressed that they could not conceptualize the rationale 
for using an ML approach when there was no improvement of the results compared to the 
current manual process. Although the question can be addressed in terms of this specific 
archival problem, it highlights participants’ expectations of AI technologies and shows 
that the techniques presented in a tutorial are not necessarily those used for real-world 
applications. At the same time as these workshops, two participants were involved in an 
AI project with external suppliers. They mentioned that it was useful to be able to employ 
their new knowledge in discussions with data scientists and to relate supplier presentations 
of their ML workflows back to the course materials.

After completing the sessions, a final survey was sent to participants to evaluate their 
final opinion on the MLC. The comments were overwhelmingly positive, with all respon-
dents finding the MLC useful. Not all respondents were able to apply the material directly 
to their day-to-day tasks, but a number did see the benefit of being able to understand 
the basic concepts: “Even if I might not be directly applying the learning, it means that 
when I hear others talking about the topic, especially in professional environments, I 
have a much greater appreciation of what they are discussing and why it is significant.”

Furthermore, respondents emphasised the importance of understanding ML for infor-
mation specialists: “It’s a necessity. As an archive, we will need machine learning to help 
us carry out our responsibilities.” Another respondent agreed with this: “I can see so 
many applications for it in archives that I would consider it essential for anyone working 
(or planning to) work with digital records.”

The organisers of the MLC received permission from TNA to create the workshops, 
and the time and space to hold the workshops were kindly provided. Unfortunately, not 
all organisations will have this flexibility; therefore, the Google Colabs have been made 
available.36 The code may help others who are creating similar workshops or could act as an 
inspiration. As mentioned previously, few online tutorials may be as useful to information 
specialists; however, some examples aimed at the humanities sector could also act as an 
inspiration, such as the Programming Historian, the GLAM Workbench, the Archives 
Unleashed Project, and the CLARIAH Media Suite.37 Each employs similar platforms to 
showcase the use of computational methods in the humanities.
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Conclusion
The authors designed the Machine Learning Club to help information specialists under-
stand what can and cannot be accomplished with ML; however, the goal was not to train 
future data scientists. Hopefully, participants have gained confidence and knowledge on 
this topic, which will make it possible for them to participate in discussions surrounding 
the implementation of ML across the GLAM sector. Moreover, participants may be more 
willing to join the conversation on archiving these methods and techniques for future 
re-use.

Information specialists have skills that are relevant to the explainable AI debate but 
often lack the confidence to participate in these conversations due to their lack of knowl-
edge of the underlying computational methods. The authors are hopeful that the basic 
knowledge shared in the workshops will motivate the information specialists at TNA to 
stay engaged with this field and its opportunities while understanding its drawbacks. 
Machine learning has great potential within the GLAM sector and information manage-
ment more generally, but it is also important to understand how it will impact information 
specialists. The club has hopefully made it clear that algorithms are only one part of the 
process and that people who understand records and data are as important as ever. While 
interesting and effective, perhaps AI is not the solution to everything.
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