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Abstract

Increasingly, models have been highlighted that not only disadvantage society but those whom the model was originally
designed to benefit. An increasing number of legal challenges around the world illustrates this. A surge of recent work has
focussed on the technical, legal or regulatory challenges but not necessarily the real-world day to day challenges for practi-
tioners such as data collection or fairness by design. Since the publication of the Holstein et al.’s study in 2019, additional
legislation, regulation and multiple bodies have been created to address practitioner challenge. This study asks what, if
anything, has improved for practitioners between 2019 and 2022. Study 1 conducts an investigation into real-world needs
within industry and asks whether practitioners are now able to mitigate challenges in a more robust manner. A further pilot
study on the perception of Al examines whether perception of Al impacts practitioner work. The results show increasing and
continuing interdisciplinary issues. Where increased regulation and legislation might have seemed reasonable, the result for
practitioners is indecision and overwhelm. Based on these findings, we highlight directions for future research in this area.
The most problematic area being human factors.

Keywords Machine learning - Al - User perception - Model development - Impact on society - Organisational behaviour

1 Introduction

Technology is inextricably linked to society and can have
detrimental impacts on people when implemented in a non-
ethical fashion. Many decisions, normally made by a human,
are now becoming automated. Whilst some processes can
be reduced in this way, some cannot. Decisions made about
who can have a credit card, for example, were thought to
be straightforward enough to automate until an algorithm,
designed and implemented to make these decisions [8, 77,
103], was seen to be discriminatory. Decisions, whether it
be what school a child goes to or whether one is eligible for
a credit card or loan [93], ultimately shape society. From
providing the evidence to support major investment deci-
sions [78] to individual services for citizens [16, 19, 37, 56,
73, 84], models can have major implications for society. One
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example is the Homes Office Visa Algorithm that was imple-
mented and then withdrawn after causing a huge amount of
distress to those waiting or applying for visas. This incurred
a substantial loss of taxpayers’ money [7]. It is critical that
models are fit for purpose. We must balance key attributes
such as societal impact against supporting innovation, so that
society can benefit from science without being exploited or
discriminated against [6, 49, 71, 72]. Limiting the potential
harms associated with poorly designed modelling is chal-
lenging but not impossible [25, 63, 103].

In this paper, we present two studies. In the first study,
we investigate the challenges faced by commercial devel-
oper teams in Machine Learning (ML) and Artificial Intel-
ligence (AI)! products and service teams, whose products
have global impact. This is achieved through a re-run of the
survey undertaken by Holstein et al. [44] in 2019 in USA.

! Al in this paper is used in the way developers and users understand
the term. In academia, we might describe much of what is termed as
‘Al’ as machine learning or statistical modelling.
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We aim to determine what, if any, progress has been made
since this study was published. Using JISC online surveys,
social media, mailing lists and specialist bodies, we investi-
gated the challenges faced by commercial ML/AI teams as
well any needs for additional support or development of best
practise. We identified a range of real-world needs. We also
found that many of the challenges that were identified by
Holstein et al. [44] still remain. This study also highlighted
some substantially different findings from Holstein at al.
[44] in that additional further real-world challenges were
highlighted outside of the traditional model development
pipeline, such as customer perception/PR, regulation and
lack of ability to attract the right developers or employees
were highlighted as concerns by practitioners.

In the second study, a pilot study, we investigate percep-
tions of Al and how this affects opinions on Al technol-
ogy. We identify differences in perception between those
who work in development of Al and ML and those who do
not. We then make conclusions on how the perception of
Al or ML may be quite different to the reality of the system
that the developer or user is interacting with. Within this
study, we highlight any interesting observations pertaining
to how a developer or user perceives the technology and
whether this affects their attitude towards, or their use of,
it. Although initially we planned to employ interviews, the
research was conducted by online survey due to difficulties
with respondent availability for interview in 2020-2021.
The surveys within this study have been conducted across
a broad range of industries to investigate the current chal-
lenges around fairness [9, 66] in ML and Al development as
well as needs for further support. This survey had a larger
volume of responses, and therefore we were able to extract
themes within the data that might support any incongru-
ence between the developers’ attitudes and perceptions and
those of the user, and/or public. To our knowledge, this is the
first investigation of this type which uses multidisciplinary
context (Sociology, Philosophy and Computer Science) to
understand the human element behind the modelling.

By conducting the second study, we found that percep-
tion emerged as a contributory factor to challenges faced
by the practitioner. Practitioner’s perceptions of what the
user would like and the reality of the end user perception
sometimes did not match or left a technical gap. In trying to
meet the expectations of the perceived end user [82, 87], the
technical and regulatory aspects of model development, in
some cases, became almost secondary. This left a potential
technical gap which then could threaten the robust nature
of the model development. Perception is a key element of
human nature and the perception of a system by a user may
not reflect the reality of the system after a marketing team
has used anthropomorphism or other methods to advertise
the end product [22, 27, 54, 76, 96, 101]. This can lead to
such conclusions by the non-specialist such as ‘the robots
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are taking over the world” or ‘I will lose my job to an algo-
rithm’. Perception issues could also lead developers to mis-
understand what the system is capable of, what the user
wants it to achieve and the importance of robust modelling.
This can then lead to an inflated sense of system capability.

Based on the findings from these studies, we highlight
opportunities for practitioners, research communities, soci-
ety and industry to work in an interdisciplinary manner. This
would lead to a positive impact on driving forward develop-
ment in modelling methodology in Al and ML. The find-
ings are presented in a visual format for direct comparison
purposes and no statistical testing has been used. In addition,
COVID caused the survey to be done online instead of in
person. No alterations were made to the survey in light of
this.

Through the investigation, we identify challenges with
lack of relevant tools, lack of industry specific tools, access
to talent and budget as well as challenges with regulation
and the industry necessity for good PR [14]. As with the
results of Holstein et al. [44], we find again that literature
continues to focus on ‘de-biasing’ whereas our respondents
were more concerned with data collection and meeting regu-
lation and/or avoiding PR disasters. This indicates a continu-
ing discrepancy between research literature and real-world
requirements. In agreement with Holstein et al. [44], we find
again that practitioners continue to struggle with the appli-
cation of regulation. What fairness and bias means to the
public seems, in some cases, to be more important than the
regulation itself. For example, if the issues that come with
a hastily implemented model can be glossed over with PR,
the attitude seemed to be to save money on due process and
then pay for PR if there is an issue. Indeed, where practition-
ers were lost in a sea of legislation and regulation, it could
seem easier to pay for PR than try to find the single source
of truth to adhere to. Increasingly, ethics was quoted in the
study as being an emerging, but critical, topic for societal
acceptability of model implementation and development. In
conclusion, recommendations are made for ways forward.

In the next section, the relevant background and related
work to our two studies are presented and discussed. We
then present the two studies and the results. We then con-
clude the paper and outline directions for future research.

2 Background and related work

Despite widespread attention to concepts such as biases and
unfairness in ML and Al to the best of our knowledge, only
two prior studies, by Veale et al. [94] and Holstein et al.
[44], exist that are similar to this study. Holstein et al. [44]
conducted a series of semi-structured, one-on-one interviews
with a total of 35 practitioners across 25 ML product teams
from 10 major companies [44]. To investigate the prevalence
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and generality of the key themes that emerged in those inter-
views, Holstein et al. [44] then conducted an anonymous
survey with a broader sample of 267 industry ML practi-
tioners [44]. In both studies, the authors uncovered several
disconnects between the real-world challenges that arise in
public-sector ML practise compared with those commonly
presumed in the fairness ML literature [44].

Holstein et al. performed a study using semi-structured
interviews with 267 Machine Learning (ML) practitioners.
This was one of the first studies to highlight practitioner
challenges and needs for support in developing more robust
models. The study raised multiple areas of interest:

e Communication between model developers and data col-

lectors

Guidance on data collection

Support in identifying data

Guidance on bias within developers and the model

Need for a more proactive, holistic and domain-specific

auditing process

Guidance on how to prioritise fairness

e Understanding the impact of data on the model and fair-
ness

e Support in addressing detected issues and avoiding any
side effects.

2

Despite the many issues raised by the Holstein et al.’s
study [44], we have not yet seen a substantial move forward
on these issues. We currently see a focus on building more
models to try to check or determine biases within existing
models. This seems counterintuitive when many practition-
ers have complained that they cannot initially obtain the cor-
rect data for their modelling purposes [1, 50]. In the follow-
ing sub-sections, themes are explored that could contribute
to the continued misperceptions surrounding Al; precision,
perception, trust and communication (media).

2.1 Precision

Veale et al. [94] investigated the challenges of ML practi-
tioners. Veale et al. [94] conducted interviews with public-
sector ML practitioners working across a range of contexts
such as predictive policing [7, 25, 52, 58] and child mistreat-
ment detection [18], to understand the challenges faced by
practitioners in constructing ML systems that aligned with
public values. In the study conducted by Veale et al. [94],
the main identified challenges were:

e Users not understanding the modelling output
e Lack of buy-in for the model

2 A concept that is currently not defined in sufficient granularity to
enable prioritisation of it.

e Lack of interest if the modelling was not done to the
stakeholders preferred metrics

e Inability to augment the model with context or additional
knowledge

e Lack of ability to scale the model

e Lack of detailed explanations of how the models worked

e Lack of understanding of performance and precision of
models by stakeholders

e Resourcing problems and single points of failure

e Over reliance on an algorithm.

The findings of Veale et al. [94] concern language use
[20] in relation to ML and the understanding and correct use
of modelling methodology [92] by both practitioners, users
and stakeholders. Similar challenges were found again in the
later 2019 Holstein et al.’s study [44] and later again within
this 2021 study (i.e. Study 1 reported in this paper).

In both studies, the authors uncovered disconnects
between the real-world challenges that arise in public-sec-
tor algorithm development compared with those commonly
cited as being the most prevalent in present ML literature.
Despite the multitude of issues raised by the Holstein et al.’s
study [44], such as on data collection, model building and
development, as well as fairness and bias, we have not yet
seen a substantial move forward in this area. We currently
see a focus on building more models to try to check or deter-
mine biases within existing models [1, 50].

2.2 Perception

One large driver of many of the issues seen by Veale at al.
[94] could be perception. Practitioners may understand the
way in which the model works and understand the techni-
cal descriptions of precision and accuracy, but the stake-
holders may not. Language and expression of technology
have become a barrier between practitioners and users as
illustrated in the example by Veale et al. [94]: “We have a
huge accuracy in our collision risk, but that’s also because
we have 40 million records and thankfully very few of them
crash, so it looks like we have 100% accuracy—which to the
senior managers looks great, but really, we only have 20%
precision. The only kind of communication I think people
really want or get is if you say there is a 1/5 chance of an
accident here tomorrow— that, they understand". In this
breakdown of communication, we see stakeholders losing
interest when they believe their metrics have not been exam-
ined and an overall lack of confidence in the model due to
this lack of understanding. In addition to this, there is public
perception, which is critical now that Al is being developed
for such things as healthcare diagnosis and allocation of
credit [12, 30, 85, 93], leading to the perception, or reality,
that many areas of a person’s life may now be controlled by
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an algorithm, sometimes with the perception that there is
no right of appeal.

This is supported by further studies that have raised issues
concerning how people perceive Al. For example, Shin et al.
[86] state that despite the surging popularity of Al imple-
mentation, “little is known about the processes through
which people perceive and make a sense of trust through
algorithmic characteristics in a personalised algorithm sys-
tem” [86]. Their findings “suggest that Al and future algo-
rithms must transcend functional transparency or mechanical
accuracy and fulfil actual user needs and requirements" [86].
This puts users at risk as we do not yet understand how they
allocate trust to certain systems and whether this trust could
be misplaced.

Samuel et al. [82], through a study of Artificial Intel-
ligence researchers in Higher Education Institutions in the
health faculty, found that the “interviewees viewed Al sys-
tems solely as a methodological instrument, one of a number
of non-exceptionalist research tools. This contrasted with the
media’s portrayal of Al that optimistically focussed on the
benefits of these tools” [82]. Samuel et al. [82] went on to
state that a stakeholder can often be problematic when issues
of scientific rigour are raised, and “may be less interested in
hearing about the uncertainties of scientific practice” [82].
This reluctance to consider the ethics behind the model can
have implications in terms of the responsible societal use of
research [11, 61] and on the research and policy environment
[72]. When users or managers cannot, or will not, engage
with the workings of a model, it becomes difficult to ensure
the construction has been ethical and robust. In addition, if
they do not understand the model, they are at risk of being
exploited by it.

Perception of a system is critical as argued by several
researchers [3, 48, 65, 74]. Astington and Baird [4] describe
how perception influences the language used to describe
one’s world. The perception of something as complex as
Artificial Intelligence might very easily lead to language
being used to describe it that causes misconceptions. Indeed,
Crawford [23, 95] states that “We think of artificial intel-
ligence as something floating above us, disembodied, sus-
pended and without earthly costs or consequence". Crawford
further states that “such imaginaries misdirect people from
what is unfolding in the real world, the material world. Al
is anything but immaterial; for its very existence, it relies on
an earthly and unsustainable supply chain" [95].

2.3 Trust

Neri et al. [67] highlight the role of experts and state in the
public’s perception of Al, in that some experts were able to
establish themselves as public commentators and create an
idea that Al could be a real threat and endanger all humans.
In this sense, Neri et al. posit that the experts framed and
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communicated a message that impacted public perception
significantly. “This message of risk was based on counterfac-
tual scenarios instead of actual events, such as any particular
self-driving car crash. The counterfactual scenarios were at
the basis of the messages of existential risks related to Al
that were transmitted and amplified” [67]. Neri et al. [67]
found that when pragmatic experts are forced to position
themselves in public and take a stance themselves, they play
a clarification role. Whilst they reject extremely speculative
scenarios, some may want to stress the “real” dangers of the
technology. This creates a new message. However, if pes-
simist experts this can trigger many indirect effects within
society [67].

Indeed, Fast and Horvitz [31] have found that “discus-
sion of Al has increased sharply since 2009, and that these
discussions have been consistently more optimistic than pes-
simistic. However, when we examine specific concerns, we
find that worries of loss of control of Al, ethical concerns
for AL, and the negative impact of Al on work have grown in
recent years". Al is a specialist area and a complex abstract
concept, so there are barriers to the general public under-
standing what it is and how it works, and this can create
perceptions of Al that are not factual [31].

Zhai et al. [100] conducted a study on the public’s per-
ception of Al in relation to the media. The findings were
that “different subjects are competing for and dividing up
the right to speak of Al, leading to the gradual fragmenta-
tion of the concept of Al. Second, reporting on Al often
includes reference to commercial institutions and scientists,
showing a successful integration of science and business.
Moreover, the result of their topic modelling shows that
news media mainly defines Al from three perspectives: an
imagination, a commercial product and a field of scientific
research” [100]. The prevalence of ‘experts’ speaking on
topics such as Al and trust has led to an almost bandwagon
effect. Ethics boards have sprung up, eager to make a name
by providing reverse engineered ethics to model develop-
ment. ‘Experts’ speak globally on their understanding of
the problem without any significant training in AI or model
development. This leads to users being seduced by market-
ing and anthropomorphic devices such as Siri and ascribing
trust to these devices as well as chatbots and internet sites
that is unwarranted [95].

2.4 Communication

It is difficult to adequately convey or describe abstract con-
cepts as stated by Hayes and Kraemer—another "sense in
which the term abstract is often used denotes a concept lack-
ing a tangible referent in the real world" [42]. Yao et al. [99]
describe a plethora of issues in describing concepts such
as size, in our case we have to describe something that is
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indicated as being ‘as we are’ as humans but yet built in
metal and existing in the cloud. This becomes a concept
increasingly more difficult to convey in language. Therefore,
Zhai et al. [100] and Crawford [23, 95] are right to be con-
cerned with how Al is portrayed and how the public perceive
it. This could influence behaviours, attitudes and opinions
of this difficult to access concept. This indicates the impor-
tance of perception, and indeed language, around complex
technological concepts such as Al and ML.

In the next section, we describe the methodology used for
our two studies: Study 1, focussed on AI/ML practitioners
and practises around fairness, and Study 2, focussed on Al
perception.

3 Study 1: needs of practitioners

This section discusses the methodology used within each
survey. Both studies went through ethical review at the Uni-
versity of Portsmouth and were approved. The surveys are
provided in full in the supplementary materials.

3.1 Methodology

For Study 1, the aim was to re-run the Holstein et al.’s survey
to determine what, if any, progress had been made since
2019 on the issues raised by practitioners. The respondent
cohort for this was practitioners within the fields of AI, ML
and Data Science or indeed anyone working in these disci-
plines. Practitioners were asked the same questions as Hol-
stein et al. asked in their initial study. Anonymous online
surveys using JISC online surveys were conducted. Email-
ing lists were also employed. Additionally, the survey was
sent to the group ‘Women Leading in AI° but there was no
response. The surveys went out on the Sprite+ Network* and
were dropped into the chat box at a TAS Conference.’ The
surveys were also dropped into the chat box on international
networking meetings. The surveys were announced on social
media to approximately 2000 people plus further connec-
tions and several online communities related to ML and Al
on LinkedIn. The surveys were also sent to special interest
groups as well as networking groups on Slack. The surveys
were promoted on Instagram to over 100 people. The Insti-
tute for Science and Technology® also sent the surveys out in
their newsletter. These studies targeted the same practitioner
types as the Holstein et al.’s study.

We advertised to over 2000 people and directly
approached over 100. Twenty-one people responded to this

3 https://womenleadinginai.org/.
4 https://spritehub.org/.
3 https://www.tas.ac.uk/.

S https://istonline.org.uk/.

survey. The survey data were compared to the previous Hol-
stein et al.’s study in raw form. Therefore, no statistical test-
ing was performed on the data.

An interesting pattern emerged that some practitioners
did not feel to take the practitioner survey but were happy
to take the more general user survey and answer the practi-
tioner-related questions within the user survey (from Study
1). Feedback from practitioners was that their company
may not look favourably on them answering this particu-
lar survey. This is because some answers could appear to
show the company in a negative light. This is similar to the
issues found in the Holstein et al.’s study “our contacts often
expressed strong fears that their team or company’s identity
might leak to the popular press, harming their reputation”
[44].

We notice that there is a clear diversity imbalance for
both surveys. We disseminated the survey to many groups;
however, a majority of white males answered. This means
that threats to validity include a narrow cross-section of
society that does not include other genders or backgrounds
and lacks diversity in the responses. This is the view of a
particular section of society and may not represent the whole
picture. Therefore, the answers are not generally applicable
but do give some, if limited, insight into practitioner atti-
tudes since 2019.

The survey was designed with multiple choice answers
and open text fields for additional context and for a respond-
ent to specify if none of the above options applied and why.
Open-ended questions were used to gather any additional
information the respondent felt important to share. Due to
branching logic, some survey questions were completed by a
subset of respondents. In these cases, question response rates
are provided in addition to the percentage of respondents
who were asked the question. To illustrate general themes,
we share free text responses.

In using calls for participation, we may have sampled
practitioners who are motivated to discuss and address fair-
ness issues in their products; however, even within this sam-
ple, it is noted that many teams are still reporting challenges
to incorporating fairness into their products. The subsequent
discussion focuses on technical and non-technical problems
that may be contributing to this.

4 Results and discussion of Study 1: needs
of practitioners—what has changed?

In this section, the results are compared to the study by Hol-

stein et al. [44]. We address first, the differences in demo-

graphic and then we proceed with the following subheadings

for analysis and comparison to Holstein et al.:

e Fairness aware data collection
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Fig. 1 Comparison of number
of employees at respondents’
company comparison

25000 +

5000 to 24999
1000 to 4999
250 to 999

50 to 249
10to 49

1to9

0.0% 5.0%

Challenges due to blind spots

Needs for more proactive auditing process
Addressing detected issues

Other factors

Limits on Al being implemented

4.1 Survey demographics

Respondents were 50% from SME size companies under 250
employees and 50% from larger companies of between 1000
and 25000 employees (Fig. 1).

In comparison to the Holstein et al.’s survey, our survey
reached predominantly small- and medium-sized enterprises
with a good spread up to the 24,999-employee bracket.
Where this survey differs is the level of engagement, we
were able to achieve with very large businesses compared
to Holstein et al. who had significant engagement from this
sector. However, this study was able to gain a better insight
into the small- and medium-size business—which is one of
the most impacted sectors with new reforms and legislation.

4.2 Roles

The declared roles by all respondents are displayed in the
results below. Many additional roles were declared, with
some by the same respondent undertaking multiple roles
within a company or project. Some did not choose a spe-
cific role from the list provided and declared other roles
as displayed in the below results. The top reported team
roles by respondents in both studies were Data Scientist and
Researcher. The study by Holstein predominantly engaged
with the Data Scientist and Researcher role (Table 1). This
might be due to a change in titles for employees over the
years and this might account for why this study had a lot
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Number of Employees at Respondents Company
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10.0% 15.0% 20.0% 25.0% 30.0% 35.0% 40.0%

W This study M Holstein et al.

more employees declare themselves in the ‘other’ category
(Fig. 2).

We found that the cross-section of roles obtained from
our study corresponded to that of Holstein et al. However,
due to participants declaring more than one role in most
circumstances, it is difficult to know what the immediate
challenges of the role would be. For example, if a director
of a small firm is also the software engineer and researcher,
they may not be qualified in every area and so may have dif-
ferent challenges to those who have significant experience
or qualification in that role. The naming conventions of roles
change periodically, so we added in the further list of unique
responses where participants declared their role as ‘other’.
The results are below.

4.3 Domains and technology areas

The domains that the teams work in are varied as seen in
the following graphics. Some felt that they could not choose
from the available options and declared additional domains.
Some also declared additional technology areas. The top
declared technology areas in this study were healthcare and

Table 1 Additional declared roles

Additional roles in Holstein et al. Additional role in this paper

Head of data science Project collaborator

Machine learning engineer Business analyst
Data curator Sales
CEO

Scientist

Citizen researcher

Research development

Innovation manager
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Fig.2 Declared roles’ com-
parison

Declared Roles

Other

Designer

Product Manager

Social Scientist

Data Labeller
Executive/General Manager
Domain/Content Expert
Project/Program Mgr
Technical Lead (Mgr)
Software Engineer
Researcher

Data Scientist

0.0%

Fig.3 Technology areas’
comparison
Other
Retail
Government/Public Sector
Financial Services (other)
Financial Services (Lending)
Media and Entertainment
Marketing
Recruiting
Healthcare
General Purpose
Education

Defense

o©
o
X

5.0%

financial services vs. the Holstein study results of General
Purpose and Other. One clear increase was in healthcare;
given the issues with COVID, this is a reasonable change
in employee industry to observe. This survey also engaged
more with the financial services, and ‘Other’ category
(Fig. 3).

The application domain also varied greatly as seen in
the previous two figures. The top declared domains in this
study were predictive analytics and decision support as
compared to those of the Holstein study which were natu-
ral language processing and predictive analytics. Again this
study engaged more with ‘other’ which might be showing a
changing of application domain over the years or simply that
our target audience was made up or more ‘other’ (Fig. 4).

The types of roles might not have been captured fully so
the option was given to input a specific role of the partici-
pant felt they needed to. The list of unique responses where

e

10.0% 20.0% 30.0% 40.0% 50.0% 60.0%

M This study M Holstein et al.

Technology Areas

10.0% 15.0% 20.0% 25.0% 30.0% 35.0% 40.0% 45.0% 50.0%

M This study MW Holstein et al.

participants declared their role as ‘other’ is given below
(Table2).

Participants spanned a wide range of roles, companies
and contextual areas. However, many common traits were
observed. In the following analysis we discuss the common
challenges and needs around fairness organised by high level
themes along the same lines as the study by Holstein et al.
[44] for comparison purposes. We then examine sub-themes
of research and design opportunities.

4.4 Fairness aware data collection
This section examines what challenges are associated with
initial and subsequent data collection. The methodology of

data collection and consultation of relevant experts is also
explored.

@ Springer
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Fig.4 Application domain
comparison

Other

Robotics/Cyber

User Modelling

Speech and Voice
Conversational Al
Recommendar Systems
Information Retrieval
Decision Support
Computer Vision
Predictive Analytics

Natural Language Processing

0.0%

Table 2 Additionally declared domain applications

Domain

Holstein et al. This study

Energy Customer services
Natural resources Legal

SaaS Manufacturing
Sales Robotics

® 45% of respondents reported prioritising fairness in their
work, whilst 40% prioritised this moderately or a little
and 10% did not prioritise this at all. Interestingly 40%
have just begun prioritising fairness with an additional
10% starting to prioritise in the last 6 months.

e Only 15% started to prioritise fairness over 5 years ago,
the rest being more recent.

Reasons for prioritising fairness are then discussed as
follows:

e 40% of all respondents reported this was due to a desire
to show the public they were prioritising fairness.

e 50% of all respondents reported that they wished to
avoid being perceived as unfair by customers.

e Overwhelmingly 68.4% responded that they did not
wish to violate legal requirements on fairness in Al.

e 57.9% responded that they wished to avoid a potential
PR disaster.

e 60% reported prioritising fairness due to a sense of
ethical responsibility [60] with 95% of all respondents
stating a desire to improve the quality of their products
and services by considering fairness in development.
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r

10.0% 20.0% 30.0% 40.0% 50.0% 60.0%

M This study M Holstein et al.

Free text comments on this area include:

(1) "Regulators, particularly around PII have and the
ability to explain the model are fair are increasingly
impacting our work”.

(2) "Mission from inception has been to overcome com-
plex, difficult problems, not to make matters worse."

(3) "A core part of our business is credit scoring, which is
fundamentally about fairness - it’s not an add-on".

4.5 Comparison of Holstein et al.'s [44] study

In the following, we compare the results of our study with
ones from the 2019 study by Holstein et al. [44].

Holstein et al. [44] reported that "Out of the 65% of sur-
vey respondents who reported that their teams have some
control over data collection and curation, a majority (58%)
reported that they currently consider fairness at these stages
of their ML development pipeline. Furthermore, out of the
21% of respondents whose teams had previously tried to
address fairness issues found in their products, the most
commonly attempted strategy (73%) was “collecting more
training data”” [44]. We show a comparison in the following
table (Fig. 5).

This shows an increase in practitioners who have control
over the data but a decrease in those who consider fairness
at this stage of the development pipeline.

In Holstein et al. [44], “52% of the respondents who were
asked the question (79%) indicated that tools to facilitate
communication between model developers and data collec-
tors would be “Very” or “Extremely” useful.” In this study,
this was mirrored by 60% of respondents indicating the same
wish.
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Fig.5 Data collection and fair-
ness considerations

Do you currently consider fairness at these
stages of their ML development pipeline

Have control over data collection

Fig.6 Fairness

To what extent does your team currently
prioritize fairness in Al / ML?

We learn about issues through user
feedback, once our system is deployed in
the real world

Tools to help your team figure out which
subgroups/subpopulations you should be
thinking about

In Holstein et al. [44], it was stated that: “To score Afri-
can American students fairly, they need examples of African
American students scoring highly. But in the data [the data
collection team] collect([s], this is very rare. So, what is the
right way to sample [high scorers] without having to score
all the essays? [...] So [we need] some kind of way... to indi-
cate [which schools] to collect from [...] or what to bother
spending the extra money to score.”

In the current study, the following is commented: “Bal-
ancing data training sets to include the equal size of possible
sets looking from gender, age or race. It helps to create a
more consistent and sustainable models that are not depend-
ent on some dominant feature. For example, the female dom-
inates the data set, it’s not necessary to create balanced data
sets for training because models will over train for dominant
ones and start ignoring others. It is a more technical issue,
not only ethical” (respondent id 76282410).

Data Collection and Fairness

0% 10% 20% 30% 40% 50% 60% 70% 80%
H This study M Holstein et al.
Challenges Due to Blind Spots
0% 10% 20% 30% 40% 50% 60%

B This Study ™ Holstein

This indicates a continuing need for methodologies to
ensure fair data sets.

4.6 Challenges due to blind spots

In comparison with Holstein et al., we see in the following
table, less respondents reported finding issues with their sys-
tem when deployed in the real world through user feedback.
A similar percentage of respondents to the Holstein study
would like tools to support fairness aware data collection.
And more respondents in this study than the Holstein study
prioritised fairness. This could indicate a general move
within the practitioner community to prioritise fairness.
However, as we saw earlier, the reasons for prioritising fair-
ness are predominantly to avoid litigation and PR disasters,
both of which could seriously damage a company. Therefore,
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Fig.7 Needs for more proactive
auditing process

We run automated tests, to find potential
fairness issues

Has your team ever found fairness issues (or
potential fairness issues) in your products /
services (at any stage of development or
deployment)?

We have metrics / key performance
indicators (KPIs) that we use to monitor for
fairness

it is not surprising that companies are now starting to priori-
tise fairness in modelling (Fig. 6).

4.7 Needs for more proactive auditing processes

A comparison of the Holstein study vs. this study is show in
the following table.

The same level of respondents have key metrics to moni-
tor fairness in development, but this is still very low at 30%.
More respondents in this study are finding issues either dur-
ing development or during deployment. This is a signifi-
cantly higher percentage than in the Holstein et al.’s study.
This indicates that little progress has been made in this area.
It might be that board involvement would be required to
construct key metrics to work with and this may have not
been forthcoming due to a multitude of reasons. Reasons
could consist of, too much guidance, unsure what guidance
to base indicators on or a lack of resource to call the meet-
ings required to establish KPIs (Fig. 7).

4.8 Addressing detected issues

There are significant discrepancies between the Holstein
et al.’s study and this study in terms of addressing detected
issues. 71% in Holstein et al stated that it would be very
useful to have tools to understand side effects of fixes within
the model, whereas in this study, only 11.2% thought this
might be useful. This is interesting as it either tools to deter-
mine the side effects of ‘fixes’ have been established and
implemented or that this is no longer the biggest concern of
practitioners. Furthermore, if tools have been established for
the other three requests, then maybe the tool for determining
the side effect of ‘fixes’ is no longer required. Conversely,
65% of respondents in this study then requested tools to help
with deciding on population and sub-population data. Less
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Needs for a more proactive auditing process

0% 10% 20% 30% 40% 50% 60% 70%

B This study M Holstein et al.

respondents than in the Holstein et al.’s study thought that
tools to navigate ethical choices would help. The same per-
centage of respondents as in the Holstein et al.’s study would
like tools to reduce human biases. It is clear that tools in all
the categories below are still being requested but are clearly
not forthcoming. In the next section, issues with the vol-
ume of regulation are cited and this might be holding back
the willingness or ability to develop tools to address such
issues as fairness and ethics, these two terms being difficult
to define and with no agreed definition. It seems that there is
still an ongoing request from the majority of the practitioner
population for some way to address detected issues (Fig. 8).

4.9 Other factors contributing to fairness
implementation

Other factors contributing to fairness implementation can be
seen in the Table 3. These are free text responses from this
study. The main issue appears to be training of the model
and collection/use of the data. Resource is also specified as
a challenge to being able to address fairness related issues
in model development.

4,10 Limits to Al being implemented

Two responses were recorded to the question of what might
limit AI being implemented. Regulation is cited as being too
plentiful and hard to keep track of. It is also cited as being
difficult to implement due to the volume and pace of devel-
opment. This is also indicated in the fact that some prac-
titioners were unaware of some key regulation in Study 2.

Additionally, in Table 4, respondents reported additional
limits on Al being implemented in their business related to
issues with regulation and potentially the difficulty in under-
standing and adhering to it.
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Addressing detected issues

Tools to reduce the influence of human biases on
labeling/scoring processes (in cases where human-generated
labels/scores are used for modeling)

Tools to help your team navigate complex ethical choices
around Al / ML fairness (e.g., frameworks to guide internal
discussions)

Tools to help your team decide how much data you need for
particular subgroups/subpopulations

Tools to help your team better understand what side effects
a particular 'fix' for a fairness issue might have on your users'
/ customers' experience

M

0% 10% 20% 30% 40% 50% 60% 70% 80%

M This study M Holstein et al.

Fig.8 Addressing detected issues

Table 3 Other factors
contributing to fairness
implementation

The RL setup if different to classical model train then tests approaches. The aim is for a model to learn
from its environment in an adaptive manner. The application can be quite good context specific and may
be biased in a statistical sense for very good reason

Considering and implementing variants in perspectives amongst entity users throughout the field
‘We have a small team and found it difficult to attract qualifies members without the funding of big tech

Main issues with AI/ML are detection of unusual patterns (bias) and subsequently understanding of how
these have developed. How can they be found so that the system is re-optimised to be fair and safe

We can collect all data but are selective in what we include in our models

Table 4 What might limit Al being implemented in respondents’ business

Regulatory compliance. Unexpected outcomes form the information even after validation so not meeting business expectations

Regulation

5 Study 2: pilot—perceptions of Al quite different to the reality of the system that the developer
or user is interacting with. Within this study, we highlight

Study 2 is a pilot study combining technical- and percep-  any interesting observations pertaining to how a developer

tion-related questions; thereby combining the fields of Phi-  or user perceives the technology and whether this affects

losophy, Psychology and Computer Science. This Study has their attitude towards, or their use of, it. The research gap
been undertaken to gather some introductory data to inform ~ here is that there has been no progression on perception of
a larger study in this area. We investigate perceptions of Al Al in relation to practitioners since the study by Veale et al.
and how this affects opinions on Al technology. We identify ~ [94]. This is the only study of its kind as far as we are aware.
differences in perception between those who work in devel-
opment of Al and ML and those who do not. We then make
conclusions on how the perception of AI or ML may be
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5.1 Methodology

The respondent cohort for this was practitioners developing,
or users of, models within the fields of AI, ML and Data Sci-
ence. Anonymous online surveys using JISC’ online surveys
were conducted. Emailing lists were also employed. Addi-
tionally, the survey was sent to the group Women Leading
in AI® but there was no response. The surveys went out on
the Sprite+ Network’ and were dropped into the chat box at
a TAS Conference.!® The surveys were also dropped into the
chat box on international networking meetings. The surveys
were announced on social media to approximately 2000 peo-
ple plus further connections and several online communities
related to ML and AI on LinkedIn. The surveys were also
sent to special interest groups as well as networking groups
on Slack. The surveys were promoted on Instagram to over
100 people. The Institute for Science and Technology'! also
sent the surveys out in their newsletter.

We advertised to over 2000 people and directly
approached over 100. One hundred and one people
responded to this survey. N > 20 is a statistically valid sam-
ple, and so the analysis was processed. The survey data are
displayed in raw form. Therefore, no statistical testing was
performed on the data.

A clear diversity imbalance was noticed for both surveys.
We disseminated the survey to many groups; however, the
largest respondent category was white, middle aged male.

The survey was designed with multiple choice answers
and open text fields for additional context and for a respond-
ent to specify if none of the above options applied and why.
Open-ended questions were used to gather any additional
information the respondent felt important to share. Due to
branching logic, some survey questions were completed by a
subset of respondents. In these cases, question response rates
are provided in addition to the percentage of respondents
who were asked the question. To illustrate general themes,
we share free text responses.

The survey design was multiple choice with open text
fields so that respondents could add extra context or infor-
mation they felt relevant.

Due to branching logic, some survey questions were com-
pleted by a subset of respondents. In these cases, question
response rates are provided in addition to the percentage
of respondents who were asked the question. To illustrate
general themes, we share free text responses.

7 The online survey tool designed for Academic Research, Educa-
tion and Public Sector organisations.

8 https://womenleadinginai.org/.
9 https://spritehub.org/.
10 https://www.tas.ac.uk/.

" https://istonline.org.uk/.
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As stated previously, many of those that felt they were
not able to answer the first survey did go on to answer the
second and went on to answer similar questions to survey
one that we had included via branching logic. Feedback from
practitioners was that their company may not look favour-
ably on them answering the first survey. This is because
some answers could appear to show the company in a nega-
tive light. The aim of this survey being different might have
attracted the respondents to answer.

6 Results and discussion of Study 2:
perceptions of Al

In this section, we present the results of Study 2, includ-
ing demographics, views on automation, fairness and use of
technology. We present results of practitioners who refused
participation in Study 1 but agreed to participate in Study 2.

To determine the attitude of users to technology, we
wanted to know what their views on automation and fairness
were as well as their opinions on their own use of technology
as to whether they found it effective or not. An additional
section asked practitioners some of the same questions as
in the first study. This was included on purpose to see if
we could get more responses under a different survey title.
Whilst reaching out to specialists and practitioners, we found
many were concerned about how their participation in sur-
vey one would look to their company, but they had no con-
Cerns over answering survey two.

6.1 Demographics

This survey has a sample size of 101 people of which 72%
were male. The age of respondents was varied, with the
majority of respondents being in the age group 21-50. This
produced a bias sample towards educated white males. This
shows a lack of diversity.

The breakdown is as follows:

70% were white British
77% had degrees or higher degrees
78% were involved in technical professions.

6.2 Views on automation

® 75% of respondents thought that automation either could
not happen in their role or that automation of their role
would happen after retirement; unsurprisingly, 83% did
not feel worried about this.

e 70% of respondents were unaware of, or did not know
about, the ICO Guidance on Al and explainable AI'? [27,

12 Information Commissioners Office: https://ico.org.uk/.
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Fig. What might limit Al Lackof technical talent. [ 5 (26.3%)
being implemented in respond- . . ! :
ents business No idea what projects we would _ 1 (5.3%)

useiton

No support from management _ 1 (5.3%)

No clear ownership | 0

Not enough cata N - (1%
Too busy with other projects _ 5 (26.3%)
other |G 1 3%
other NG 2 (105%)

29, 53, 69] or how this might impact their work. Of 28%
of respondents that were aware of the ICO Guidance on
Explainable Al, only 11% thought that this guidance was
adequate. 86% were unaware of any other guidance or
guidelines on explainable Al. In support of this, 60%
thought that it should be law that an AI system should
have to explain a decision made about them with a fur-
ther 32% stating this would be good practise.

This indicates a discrepancy between people asking for
regulation at the user end but being unable to provide it
during development. The explanation of decisions will
only become a reality if the challenges in this paper are
addressed.

The most common cited barriers to Al being imple-
mented within a business were ‘too busy with other
projects’ (26%), ‘not enough data’ (21%) and ‘lack of
technical talent’ (26%). This reflects what was found in
the first study and in Holstein et al. where data barriers
were cited as significant for those developing models.
Lack of technical talent is also reflected in the first study
as being a critical issue. The disconnect between what
industry wants and what the practitioner can deliver in
the new technological areas of Data Science, Machine
Learning and Al is one that is critical to close to ensure
correct hiring practises (Fig. 9).

57% felt neither confident nor un-confident in using Al or
ML products. This is an interesting result, and it was not
possible to pinpoint a reason as to why the result of this
question was predominately neutral. 15% felt confident
and 26% did not feel confident.

6.3 Fairness

e Of the 19% that answered that they worked on ML and

Al products, 63% had control over the data collection
process and 73% felt that they considered this well. How-
ever, 68% did not believe that they had enough data for
the modelling process, but 56% felt that they had data fit
for purpose.

When developing products, 84% considered fairness and
47% had discovered fairness issues in their products.

Only 36% added that they had an audit process for their
model or product.

e 68% felt that they could validate and verify their model
adequately and 84% stated that they knew what validat-
ing and verifying a model meant and were aware of the
consequences.

e 68% did use caveats and assumptions to bind their model.
57% used cases to guide model development.

All of these results were more positive than the first study.
This is an interesting result and one that might have been
caused by the high degree of respondents that rated Al in a
positive light (78 respondents out of 101).

6.4 Use of technology

e On the subject of chatbots, 75% of respondents did not
find then to be human-like and 82% would find a human
on the other end of the phone more effective.

e 82% did not think that chatbots solved their problem first
time. 73% stated that they had to bypass a chatbot to go
through to a call centre.

e 34% did not think a voice recognition service worked
for them with 64% stating it worked often, very often or
always.

e When speaking about Al in particular, 18% stated that
is overhyped with 65% thinking it would change their
business to some extent. 54% were optimistic about this
change.

® 63% also thought that Al would change their home life.

e Moving onto more philosophical questions, 46% thought
that consciousness was uniquely human, with 28% stat-
ing that they did not know. Forty percent thought that
computers could never be conscious, with 28% stating
that they did not know.

From these results, we can see that although there is some
trepidation concerning the effectiveness of new technology;
overall, the attitudes are positive towards this change. The
belief that AT would not affect their job but might affect their
home was also seen as positive by respondents. The majority
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Table 5 Free text responses

Comment

Respondent ID

The whole idea and prospect of Al and our future is exciting. Just like Isaac Asimov said hypothesised in his books,
the next chapter of human is to put our consciousness into robots and then get the robots to go into space as they
do not require any food, oxygen, do not become unwell, etc. In my opinion, Al is something that can change our
lives for the better in a good way. I hear the concerns around Al but am not concerned but more excited about the
prospect of new ideas!

I think we're 10 years away from viable companion robots for senior citizens

Some applications of what would be considered "AI" were absolutely excellent. Some applications of "AI" would
worry me. At the same time, most of the applications of "AI" that I have seen thus far have been mundane, and it is
relatively understandable how and why people try to do them

AI/ML is no where near real intelligence, it is merely pattern matching at a low level compared to human ability.
True intelligence will come when computers can match the number of connections that a human brain has

Al will revolutionise the way we live, work and play—within our lifetimes. The potential benefits massively out-
weigh the risks

Chatbots I have encountered have been unable to deal with my queries, because my query has been something
unusual, outside the range of scenarios the developer seems to have imagined is possible. This leads to greater
frustration, because, first, I try the chatbot, then I need to hunt hard to find a phone number, and then I listen to the
supplier's choice of music for a long time before talking to a person who can help. My concern with Al in general is
that there needs to be something in the economy that causes people to have jobs to do to deal with the basic human
need for meaningful activity. Also, I am concerned that Al could be used as a population control and manipulation
tool leading to people having and experience of life like the medieval serfs who did not have the freedom to pursue
what they believe to be good, and this will reduce the majority of people to a state of dependence on the good will
of their 'betters'. Al used in limited applications, such as autonomous vehicles, might be beneficial so long as vul-
nerabilities to cyber security threats are overcome, and also privacy matters must be addressed which in turn might
lose some of the potential benefits such as optimising the community travel through knowing where everyone is
going as a method to avoid congestion delays

I believe that Elon Musk has a valid point, and it is the unethical development of Al that worries me. That’s places
outside the UK and will impact severely on national security

Human Intelligence and Consciousness (wisdom making ability) is always better than Artificial Intelligence
If a computer can theoretically simulate a brain, then I think it can achieve consciousness. What's the difference?

As Al advances, I think it can help a lot of people save time, money and effort. However, I predict there will be a
plateau that we will all reach where we might become nostalgic or missing the human connection

I cannot emphasise enough that computers will never achieve consciousness. Technology can come close to give the
illusion that a piece of tech is a sentient entity, but that is once again nothing but an illusion

The role of Al will move society forward. Some roles will be 100% Al, and others will be less affected. That's evolu-
tion and should not be challenged. We are biological cognitive machines, and we mimic ourselves in the Al

652,267-652,258-
67,088,458

652,267-652,258-
68,079,878

652,267-652,258-
68,155,136

652,267-652,258-
68,172,143

652,267-652,258-
68,202,255

652,267-652,258-
68,356,757

652,267-652,258-
70,864,157

652,267-652,258-
71,129,734
652,267-652,258-
70,975,595
652,267-652,258-
75,885,754
652,267-652,258-
76,652,969
652,267-652,258-
76,624,615

of respondents believe that either consciousness is uniquely
human, or they do not know and the majority stated that they
thought computers could never be conscious or they did not
know. However, on the opposing side, it is interesting to
note that 54% either did not know or thought consciousness
was not uniquely human. This question was not expanded
to define consciousness or include animals or computers, so
respondents had a chance to frame their own understanding.

Below, we see free text responses to this survey (Table 5).

The above shows very different opinions on the future
of AlL. Some believe it is hype, some believe it will have
an effect and others believe it will have an important place
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within our lives, perhaps a critical place. This disconnect
of understanding of the technology and its capability shows
why there may be such a discrepancy in the way practition-
ers approach development. This gap must be solved by edu-
cation. However, technology is developing so quickly that
it is has been difficult for education or the government to
keep up with it [102]. The more optimistic may not believe
the technology needs such oversight but the more pessimis-
tic might. This could lead to less oversight in technological
development, which in turn can lead to disastrous conse-
quences for society, as stated earlier.
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7 Isolation of results of practitioners who
refused Study 1 but participated in Study
2

In an unexpected event in the data collection, some prac-
titioners refused to complete the practitioner survey (per-
haps for reasons already mentioned) but went on to com-
plete the perception survey. This sub-section is treated
as a pilot study, and despite not containing a statistically
valid sample size, there are some interesting highlights
that could be taken forward for future research.

The second study allowed practitioners, through
branching logic, to answer some of the same questions
as the first study. Therefore, in the user survey, we were
able to draw some tentative conclusions on perception
and Al implementation. Here, we discuss what this initial
analysis illustrates about practitioners and perceptions.

In this study, 17 respondents declared that they worked
on the development and/or implementation of ML/AI
products, such as automated systems in finance [93],
chatbots, predictive methods [7, 17, 89], healthcare [56,
82] and automation (Table 6).

8 Results
Of the 17 practitioners:

e 71% considerately modelled the data process.

® 35% did not know how to validate or verify a model, of
which 17% did not know what the consequences would
be if this was not undertaken.

e Of two respondents who answered that they understood
validation and verification (V&V) [2, 36, 43, 59, 92],
as well as the consequences of not undertaking V&V,
they stated their business still did not do V&V.

e Despite answering that they understood V&V and imple-
mented it, two did not know what caveats and assump-
tions were; 35% either did not know or did not use cave-
ats and assumptions with their models.

e Seven of the seventeen respondents could recall times
when they or their team have discovered fairness issues
in their products.

8.1 Perception and Al development
By extracting respondents who answered that they were

either optimistic or pessimistic about Al, the following was
found:

e Of the 78 that were optimistic about Al, 35% were not
positive about Al in their workplace; however, only 4
worked on Al or ML in this group.

e Of the 78 who were positive about Al, 17 or 21% worked
in developing Al or ML.

e Of the 18 who were pessimistic about Al, 83% were pes-
simistic or agnostic about Al in their workplace with only
1 person working in the development of Al

Those who work in Al seem to be more optimistic about
the technology in general. Those who do not work in Al may
tend to be more pessimistic in general. This could reveal an
optimism bias in working in Al and a mistrust bias amongst
those who do not work in the field.

9 Discussion

Without the contextual narrative that the semi-structured
approach might have, given it is difficult to form conclu-
sive opinions as to why the results are as they are. How-
ever, using recent studies and literature as well as the lim-
ited narrative gained from participant comments, we can
form a picture around the issues.

In the first study, we can see that the issues we are
observing are affecting mostly middle size and small
businesses. The domain applications, roles and technol-
ogy areas are all quite different in this study and this might
be due to the participants we reached with this study but
it might also be due to the changes that COVID had on
the landscape of tech. Between Holstein et al. and this
study, tech experienced a boom in popularity whilst peo-
ple worked from home. Certain industries were forced to
upgrade their tech quite quickly to cope with new sce-
narios and this might have been a cause for the larger
number correspondents in healthcare and finance. Role
names change quite often in the tech industry due to rapid
developments so this might also account for the difference
in respondents’ roles.

This study shows that many challenges remain or have
become even more prominent since the Holstein et al.’s
study. Respondents report having slightly more control
over data but less consideration of fairness. Respondents
reported finding less issues within deployed technology,
but they also prioritised fairness to a greater degree than
those in Holstein et al. Nearly half still need tools to help
with data collection. This might account for the recent
policy changes that have led to requests for support by
Chartered Statisticians in business critical and legal work.
More respondents than in Holstein et al. found potential
fairness issues through running automated tools to find
them. Within the narrative comments range around under-
standing; “understanding [bias issues]”, selective data use,
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small teams and context specific models. This highlights
current technical short fallings in those developing tech
which is further exacerbated by inability to comply with
regulation or not knowing which regulation to comply
with. In trying to build working systems, most respond-
ents were more concerned with avoiding a PR disaster or
‘being seen to’ comply with the guidance du jour. This was
balanced by 95% of respondents wishing to do better in
terms of ethical modelling. This indicates that the desire
is there to do better but the finance, skills and profession
are not. This is concerning given the time lapse between
the Holstein et al.’s study and now as well as the surge in
tech being implemented in the last decade. The analysis
here highlights many of the issues already found in UK
Government modelling and shows that they also exist to a
lesser or greater degree in society. The uncertainty around
robust and ethical modelling, what professions need to be
involved, what guidance to follow and the basics on how
to model are all impacting the future of this industry. The
users and people who will be affected by the tech being
developed could be impacted negatively by this.

As stated, some respondents did not participate in Study
1 but took the branch of Study 2 that asked the same ques-
tions as Study 1. The title of the second study seemed more
amenable to these respondents and they were more likely to
indicate a negative response such as lack of validation and
verification process and knowledge in their business. Pos-
sibly as this survey was not seen as targeted at them or their
business, the more technical questions were branched off
from a study, more about perception. Those that were nega-
tive about Al in the workplace did not tend to work in Al
Only a fifth of those working in Al were positive about it. Of
those declaring pessimism towards Al, 83% were pessimistic
about Al in the workplace, but only one respondent worked
in Al This might show an optimism bias of those working
within the field of Al and ML. Those that responded that did
not work in Al tended to be more pessimistic.

Study 2 aimed to detect reasons for the negative effects of
current implementation of technology within attitudes and
perceptions rather than the technical aspects of the role. The
results showed that many respondents were neutral about

Table 6 Other declared factors for prioritising fairness

using Al and many did not want to, or could not, imple-
ment it anyway. 82% of respondents would prefer a human
at the other end of the phone rather than using a chatbot.
This shows that either humans prefer human connections
or the technology that chatbots are based on is not yet good
enough for deployment. Conversely, a large percentage of
respondents were happy with voice recognition services. In
the comments, those who were annoyed by voice recogni-
tion, chatbots indicated that they were particularly annoyed
by them. This leads to an interesting aspect of emotion.
The strength of emotion displayed may be that the expected
function, when not performed, is extremely problematic for
respondents. A small percentage of respondents believed
Al was overhyped and a large percentage were optimistic
about any future changes where Al would become more
prevalent. This may be offset by the large proportion who
believed this would not affect their role in their lifetime.
Nearly half of all respondents believed that consciousness
is uniquely human and that computers could never become
conscious. This might account for some of the optimism
displayed by the respondents. This is supported in the free
text comments section where those that had negative opinion
about Al were concerned about the control it could have over
humans. Those who were positive quoted such aspects as
saving money and time.

The over optimism towards Al might stem from the belief
that no impact will be felt in the workplace and, possibly, the
hype around AI and the increase in funding for Al applica-
tions might generate more optimism. However, this could be
showing within the results of Study 1 where the optimism
might be leading to lack of rigour in the modelling process
and the use of PR as a sticking plaster to cover the gaps in
the poor implementation and non-robust development of the
tech. It appears that most practitioners would like to improve
their robust modelling processes but either do not know how
or the tools they are requesting are not forthcoming. What is
clear is that without clear direction and guidance within the
profession of modelling, we may not see much improvement,
but there is a potential to see increased negative impacts on
society.

Other ID
A core part of our business is credit scoring which is fundamentally about fairness; it is not an add on 69,081,449
Our ML Al model building checklist is much broader and complex. It also provides as accurate information to both healthcare 72,406,636
professional as well as their client
Balancing data training sets to include the equal size of possible sets looking for gender, age or race. It helps to create a more 76,282,410
consistent and sustainable models that are not dependent on some dominant feature. For example, the female dominates the data
set, and it is not necessary to create balanced data sets for training, because models will over train for dominant ones and start
ignoring others. Its amore technical issue. Not only ethical
Regulators, particularly around PII, have the ability to explain the model are fair are increasingly impacting our work 76,347,398
Mission form inception has been to overcome complex, difficult problems, not to make matters worse 76,643,799
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10 Conclusion

In conclusion, it appears that, overall, since the Holstein
et al.’s study in 2019, very little has changed in the macro-
view. Some aspects of practitioner challenge appear to have
improved but overall, the call for more guidance and educa-
tion on some aspects of modelling such as data, bias aware-
ness and help with legislation and regulation remain.

We can see that there is a large disconnect between peo-
ple’s views of Al and its capability. This may affect the way
practitioners develop technology and the way users perceive
it. This relies on education to close this gap. However, as
technology is progressing so rapidly is difficult for the edu-
cation system, regulation or legislation to keep up with it. If
we cannot understand the technology, or at least have some
common view on it, then it is very difficult to create legisla-
tion or regulation around it.

The rapidly growing development and spread of ML and
Al systems presents many new challenges. Automated sys-
tems are increasingly being used in broader and more var-
ied industries, with ever more serious implications. We are
entering unchartered territory that holds a vast array of con-
sequences, some that we are yet to observe [70]. Therefore,
we repeat the call of Holstein et al. [44] that “as research
in this area progresses, it is urgent that research agendas
be aligned with the challenges and needs of those who are
affected by the technology”. The recommendations outlined
in this paper are opportunities for practitioners and research
communities to become more robust and collaborative in the
development and deployment of ML and Al systems.

11 Recommendations

As the world moves towards increasingly complex models
without a common perception, language or understand-
ing the need for fully robust modelling processes is clear.
Increasingly concerns are raised around aspects such as
privacy and fairness by practitioners and non-practitioners.
Society has been disadvantaged over the last few years by
inappropriate or non-robust modelling that has seen legal
challenges launched against it and illustrates that many
challenges remain. In this paper, we presented a study of
practitioner’s challenges and a study of user/practitioner
perception. Together this, analysis illustrates a picture of
confusion and competing priorities for practitioners, as well
as confusion and potential distrust by users. Below, we high-
light some directions for future research to reduce some of
the confusion and mitigate some of the challenges. The main
challenges have been taken from each study and recommen-
dations have been formed below to help find a way forward.

11.1 Robust data collection: education
and guidance

The survey responses indicated that collecting the right data
in the right manner was difficult, with 68.4% reporting hav-
ing control over the data. To facilitate more robust model-
ling, there must be a focus on supporting practitioners or
bringing in the correct expert to collect and analyse high-
quality data sets. This must be with a focus on how the data
are collected and the statistical robustness of the initial data
[41,57,91, 97].

e Understanding what data are available and how it relates
to real world in collaboration with domain experts.

e Given the legal challenges over the last few years, we
have seen that the real-life context of the data remains a
challenge for practitioners. This has led to discriminatory
algorithms due to a poor data set or a poor understanding
of how the real world operates. This is a critical problem
for practitioners who deploy algorithms into society [10,
15, 26, 33, 34, 40]. In this study, only 50% reported con-
sidering fairness at the development stage, in line with
the other studies [28, 32, 38, 55, 64, 72, 83].

e Training should be implemented in this area from school
level, so that the complex concepts such as assumptions,
caveats, quality assurance and answering the right ques-
tions with constructive challenge become a cultural fix-
ture [72]. This is also critical, because the students of
today are entering a workforce and society that is more
technologically oriented than ever before. To this end,
we should train them to be practitioners of best practise.
This can then be built on in successive generations [35,
75].

11.2 Audit

e Auditing was an area in which practitioners requested
further support.

e Auditing well could potentially decrease legal challenges.
This would provide a gateway for algorithms and mod-
els but also an opportunity for practitioners to consider
such concepts as fairness, context and data before start-
ing development of a model [17, 37, 68, 71, 72, 78, 80].

11.3 Ethics and bias

Further support on the inclusion of ethics and prevention of
bias was sought by practitioners.

e Incorporating ethics into funding for Al could play a part
in acting as a gateway for robust modelling.
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e Completing an ethics declaration would enable practi-
tioners to consider their software and algorithms [24, 62,
71, 81].

e The UK Government ought to re-examine the subject
benchmark statements for technical courses from sec-
ondary to tertiary education and add in best practise and
ethics to them [102].

11.4 Practitioners and managers found it difficult
to find and retain the right talent

e From the survey responses, it is clear that it is currently
difficult to attract the right talent or top talent and that
that is a struggle particularly for early stage SMEs
undertaking significant development. The Royal Sta-
tistical Society [79] is moving towards this with allo-
cation of a designation for Data Scientist, but this is in
the development stages currently. The Science Council
provides a Chartered Scientist designation, but this is
not specifically directed towards modelling practition-
ers [21]. Therefore, there is a gap that might be filled
with a professional body catering to developing and
designating modelling practitioners of the future. The
link between academia and industry must be a closer
collaboration as development moves forward [5, 34, 47,
51, 72,90, 102, 103].

11.5 Organisational barriers

e Leadership must be involved in these recommendations
as no less than a cultural shift is needed to implement
them. Leadership training in this area is crucial. Good
leadership can create safe spaces for challenge. Within
the data analysis, some practitioners report having dif-
ficulty knowing which priority to attend to, whether PR
or regulatory, this leaves the practitioner potentially
addressing the wrong priority or trying to address as
many as possible and becoming swamped in competing
directions [13, 45, 46, 72, 98].

e Foster an environment of constructive challenge, espe-
cially in the public sector. Without constructive chal-
lenge of fairness or explainability [39], there is a lack
of difficult discussions which are needed to drive this
area forward [61, 72, 78].
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