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1.0 What is artificial intelligence? 
 
There are many and varied definitions of  artificial intelli-
gence, and various synonyms for it. Poole et al. (1998, 1) 
note that “the term ‘artificial intelligence’ is a source of  
much confusion,” preferring to call it “computational intel-
ligence,” although it is likely that artificial intelligence is to-
day the more widely recognised term. Other names include 
“machine intelligence,” “synthetic intelligence” (Brachmann 
2005; Gorg et al. 2014), and “augmented intelligence” (Ojala 
2018; Albrecht et al. 2015; Hannay 2014) 

The Encyclopedia Britannica (Copeland 2019) defines arti-
ficial intelligence in the following manner: 
 

Artificial intelligence (AI) [is] the ability of  a digital 
computer or computer-controlled robot to perform 
tasks commonly associated with intelligent beings. 

The term is frequently applied to the project of  de-
veloping systems endowed with the intellectual pro-
cesses characteristic of  humans, such as the ability to 
reason, discover meaning, generalize, or learn from 
past experience. 

 
The same article identifies five key aspects of  intelligence, 
whether human or machine: learning, reasoning, problem 
solving, perception, and language. At the operational level, 
machine intelligence can take a number of  forms: pattern 
recognition, voice recognition, image (including facial im-
age) recognition, and machine translation. Copeland’s def-
inition (above) tends towards the narrower field of  ma-
chine learning: “a form of  AI that enables a system to learn 
from data rather than through explicit programming … 
“After a model has been trained, it can be used in real time 
to learn from data” (Hurwitz and Kirsch 2018, 4-5). 
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For the purposes of  this paper, artificial intelligence is 
considered mainly within the context of  information re-
trieval, specifically document retrieval, and the ways in 
which document content can be automatically identified 
using intelligent agents. This may involve the construction 
of  automatic classifiers through machine learning and the 
way in which document content is processed. 
 
2.0  Artificial intelligence as a complement to human 

activity 
 
Artificial intelligence has impacted on many areas of  human 
activity, in part because of  the speed with which it can pro-
cess information in an overloaded world, saving human ef-
fort and apparently offering a more objective way to assess 
and respond to a variety of  situations. 

Information management is only one of  such uses of  AI, 
where it may promise to solve the perennial problem of  or-
ganization and retrieval in a situation where there is “too 
much to know.” This situation has been acknowledged since 
the early modern period (Blair 2010), began to be addressed 
by mechanization in the mid-twentieth century, and in the 
twenty-first century prompted numerous studies of  the way 
in which machines might automatically analyse, categorize, 
index, and classify documents and other information objects 
through a process generally referred to as automatic 
metadata generation or AMG (Broughton, Palfreyman, and 
Wilson 2008; Greenberg et al. 2005). 

During that period there had also been a good deal of  
research into the relative roles of  controlled vocabularies 
and automatic indexing, generally leading to the conclusion 
that a hybrid model offered the best balance between effi-
ciency and effectiveness; a number of  studies demonstrated 
that the use of  a controlled vocabulary improves the perfor-
mance of  the tool or system (Liang et al. 2006; Cheung et 
al. 2005; Aula and Kaki 2005; Ko et al. 2004). Another major 
theme was the automatic building of  classificatory struc-
tures such as ontologies, independently of  humans, from 
text corpora or other sources. The extraction of  data from 
text continues to be a common means of  constructing se-
mantic tools, but, as we may see below, the assumption that 
terms in text are value free, and mean exactly what they say, 
presents a danger to the usefulness and efficiency of  such 
exercises. 

As AI gains ground as an established tool for processing 
and decision making, particularly with respect to personal 
data, some questions have been raised as to the acceptability 
of  AI in this role, the ethics of  AI, and the extent to which 
machines can function as intelligent, and as ethical agents. 
Associated ideas, such as the personhood of  robots, and 
whether they can be said to assume responsibility for their 
actions, have also been considered. 
 

3.0  Ethical considerations in knowledge  
organization 

 
It is now well established that the business of  knowledge 
organization, whether that is classification, indexing, subject 
representation through headings, or visualization tools, 
brings with it some ethical concerns. Recently, attention has 
focussed on fake news, or controversial thinking, such as 
holocaust denial, and how such material should be repre-
sented, but more generally concerns are with the misrepre-
sentation or under representation of  minority groups, lead-
ing to disadvantage and disempowerment. There is now a 
growing body of  literature on the ethical theory and philos-
ophy of  KO (Olson 1998; Szostak 2014; Mai 2010, 2013a, 
2013b, 2016), and a substantial number of  studies of  the 
way in which it can discriminate on the basis of  gender 
(Foskett 1971; Marshall 1977; Olson and Ward 1997; Olson 
2007), sexual orientation (Drabinsky 2013; Fox 2016; How-
ard and Knowlton 2018), race and ethnicity (Duarte and Be-
larde-Lewis 2015; Adler and Harper 2018), political status 
(Lacey 2018), and religion (Broughton 2000; Broughton and 
Lomas 2019). 

All of  such bias is problematic in a world of  increasing 
diversity, and the major players in conventional KO are 
seen to address some of  the worst excesses. Factors which 
exacerbate the bias include: unequal provision either of  
terminology or (in a coded system such as a classification) 
unequal distribution of  notation; failure to name at all cer-
tain groups or perspectives; and language which has a 
strong flavour of  one particular favoured perspective or 
culture. Where culture is a powerful element, as in reli-
gions, language is a specific problem. 
 
4.0 Ethical considerations in artificial intelligence 
 
There has been substantial research into the phenomenon 
of  machine ethics, that is the potential ethical or moral be-
haviour of  intelligent agents. It should be carefully differ-
entiated from computer ethics which is concerned with the 
behaviour of  humans in the context of  computing and in-
formation technology, and with roboethics which refers to 
ethical behaviour of  humans in the design and construc-
tion of  intelligent machines, and in human-machine inter-
action. Although there are some twentieth-century discus-
sions of  the possibility of  moral—or immoral—actions of  
machines, the field really begins with the 2005 AAAI Sym-
posium on Machine Ethics, where the problem is clearly 
stated, and named by Anderson et al. (2005): 
 

Past research concerning the relationship between 
technology and ethics has largely focused on respon-
sible and irresponsible use of  technology by human 
beings, with a few people being interested in how 
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human beings ought to treat machines. In all cases, 
only human beings have engaged in ethical reason-
ing. We believe that the time has come for adding an 
ethical dimension to at least some machines. Recog-
nition of  the ethical ramifications of  behavior in-
volving machines as well as recent and potential de-
velopments in machine autonomy necessitate this. 
We explore this dimension through investigation of  
what has been called machine ethics. 

 
In Anderson et al.’s paper, they consider the implementation 
of  two systems of  machine ethics, based on philosophical 
principles as displayed in the work of  W. D. Ross (theory of  
prima facie duties), and Jeremy Bentham (Utilitarianism), 
both of  which can be expressed as a series of  rules. Utilitar-
ian ethics and the basis of  its decision-making is of  particu-
lar interest, since in the form of  Bentham’s Felicific calculus, or 
Calculus of  pleasures (1789), it was designed to be computable, 
and indeed, one of  the themes of  the Symposium was the 
computability of  ethics. At the time of  Anderson et al.’s re-
search, the likely guarantee of  “good” machine ethics was 
the imposition of  better and more considered rules for the 
machine’s operation, derived from traditional systems of  
ethics and the practice of  professional ethicists. As they say 
in a subsequent paper (2007, 25): 
 

Ensuring that a machine with an ethical component 
can function autonomously in the world remains a 
challenge to researchers in artificial intelligence who 
must further investigate the representation and deter-
mination of  ethical principles, the incorporation of  
these ethical principles into a system’s decision proce-
dure, ethical decision making with incomplete and un-
certain knowledge, the explanation for decisions made 
using ethical principles, and the evaluation of  systems 
that act based upon ethical principles. 

 
4.1  Where machine ethics falls short: bias in  

intelligent agents 
 
The general assessment of  machine information pro-
cessing and machine decision-making has been that it may 
avoid the subjectivity associated with humans. In practice 
this has turned out not to be the case, since, despite the 
emphasis on machine independence in artificial intelli-
gence, intelligent agents are not created spontaneously, but 
require some degree of  human participation, and no sys-
tem of  machine learning can avoid the use of  information 
which has been at some stage processed by humans. The 
problem affects equally machine learning where the agent 
has learned from data or a prepared model or training set, 
or in the case of  knowledge organization systems, where 
human-constructed vocabularies or ontologies have been 

sourced by the agent. Additionally, human intervention of-
ten supports the machine-learning process through itera-
tion with the “teacher,” usually through a technique of  
query-by-example accompanied by feedback to the ma-
chine. 

Too often the result of  this human input is that the ma-
chine inherits the prejudices of  the human, so that the bias 
is hard-wired to the machine (Crawford 2016; Kirchner et 
al. 2016; Sears 2018; Kochi 2018). The World Economic 
Forum (2018, 3) stated: 
 

Designed and used well, machine learning systems 
can help to eliminate the kind of  human bias in de-
cision-making that society has been working hard to 
stamp out. However, it is also possible for machine 
learning systems to reinforce systemic bias and dis-
crimination and prevent dignity assurance.  

 
The likelihood of  such bias has considerable implications 
for human rights, for the proper management of  social di-
versity, and for the fair treatment of  diverse groups in soci-
ety. Such inequity is a long-standing problem in conven-
tional information management and has been addressed at 
length in the research literature of  knowledge organization 
in particular. It seems, however, especially insidious in the 
machine intelligence context, perhaps because of  the expec-
tation that higher levels of  neutrality and objectivity apply. 
 
4.2 Bias and discrimination derived from data 
 
Much of  the literature in this area is centred on machine 
decision-making based on demographic data, and the con-
cern arises from a human rights perspective where some 
groups are disadvantaged or marginalized by the way in 
which the data is set up (Smith, , Patil and Muñoz 2016; 
Obama White House 2016; World Economic Forum 
2018). Generally in these cases, the data is factual and the 
decision-making is based on a combination of  values in 
different categories, and the identification and recognition 
of  patterns embedded in data, especially latent associa-
tions between one group of  attributes and another. 

Particularly prominent in the discussion of  bias in AI is 
gender discrimination, also a feature of  early research into 
bias in KO. A recent major study by Criado-Perez (2019) 
reveals that data itself  is often biased, because the sample 
is in some way flawed. Criado-Perez’s principal concern is 
with gender imbalance, and it is clear that a female per-
spective is often omitted, because the data is derived from 
studies that dealt only with males. Criado-Perez provides 
examples of  where, for example, diagnostic thresholds 
based on biomarkers are inaccurate for women, because 
average figures are based on predominantly male data (as 
in Khamis et al. 2016), since the inclusion of  female data 
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may be as low as 14% of  studies in some fields (Pinnow et 
al. 2014). This may explain many examples of  bias de-
tected in machine intelligence where the agents have been 
trained on datasets that lack comprehensiveness in one or 
more respects. 
 
4.3 Bias and discrimination derived from semantics 
 
A much-cited paper by Caliskan et al. (2017) establishes that 
not only is any incompleteness or skew in the data sample 
passed on to intelligent systems, but that semantics is also 
an inheritable factor. Using measurable associations be-
tween pairs of  words, Caliskan builds on the work of  some 
prior studies investigating human-like biases in textual cor-
pora, particularly that of  Greenwald (1998), who studied 
“biases that they consider nearly universal in humans and 
about which there is no social concern” (Caliskan, 183). 
Clear associations between “flowers” and “pleasant,” and 
“insects” and “unpleasant,” were replicated by Caliskan’s 
team, as were similar links between “weapon” (unpleasant) 
and “musical instrument” (pleasant), proving the soundness 
of  the methodology. Caliskan et al. were also able to repli-
cate more socially significant connections between Euro-
pean American names and African American names with 
pleasantness and unpleasantness respectively, a phenome-
non confirmed in practice by Bertrand and Mullainathan 
(2004) who tested employers’ response to job applications 
varying only in the attached European or African sounding 
names. 

Comparable work was also replicated in the area of  gen-
der, associating female names with “family” as opposed to 
“career,” when compared with male names (Nosek et al. 
2002a), and the correlation of  women with the arts, rather 
than mathematics, or with the sciences (Nosek et al. 2002b). 

Studies of  inherent discrimination based on religion are 
much less frequent, perhaps because religious affiliation is 
much less immediately obvious than gender or ethnicity. 
However, Binns (2018, 1) places it on a level with gender 
and race as a potential factor for discrimination, using the 
example of  disparate treatment of  nationals from Muslim-
majority countries because of  a perceived association of  
Islam with terrorism (2018, 4). Since such examples of  re-
ligious prejudice are not uncommon and the problem is 
one with high public awareness, it is surprising that, to 
date, there is little or no research into bias associated with 
religious affiliation. 

The existence of  such semantic bias has considerable im-
plications for information retrieval because so many auto-
matic classifiers build structures on the back of  text corpora 
on the assumption that these present a neutral and objective 
picture of  the world. The existence of  these biases seem to 
be clearly acknowledged in the world of  corpus linguistics, 
but did not seem to be taken into account at all in the field 

of  automatic classification or term extraction tools, perhaps 
because work on these originated in the sciences rather than 
the social sciences and humanities. Automated lexicography 
is now a very well-established methodology for building 
such semantic tools, whether the lexical data is sourced from 
other lexical tools such as dictionaries or extracted from text 
corpora, and the problem of  inherited bias could conse-
quently be a serious impediment to both effective retrieval 
and ethical practice. 
 
5.0  Inherited semantic bias in religious terminology: 

the example of  WordNet 
 
WordNet is a vocabulary database, maintained at Princeton 
University, and used extensively as semantic content for all 
kinds of  automatic indexing and classification tools. It de-
fines itself  in the following way (Princeton University 2010): 
 

WordNet® is a large lexical database of  English. 
Nouns, verbs, adjectives and adverbs are grouped into 
sets of  cognitive synonyms (synsets), each expressing 
a distinct concept. Synsets are interlinked by means of  
conceptual-semantic and lexical relations. The result-
ing network of  meaningfully related words and con-
cepts can be navigated with the browser … Word-
Net’s structure makes it a useful tool for computa-
tional linguistics and natural language processing. 

 
WordNet is displayed in a thesaurus-like format, although 
the tags it uses are not the conventional ones of  information 
science, but rather offer a more analytical and nuanced range 
of  inter-term relations. Nevertheless it approximates to the 
standard tags through its use of  the categories hypernym (= 
broader term, superordinate class), hyponym (= narrower 
term, subordinate class), and synsets (equivalence relation-
ships). Other relationships include types (= narrower term 
generic), instances (= narrower term instantive), and mer-
onymy (= narrower term partitive). Opening up a “sister 
term” reveals terms in the same array, comparable with 
some kinds of  related, or associative terms. This suite of  
relationships provides the vocabulary with a robust logical 
structure, and verbs as well as nouns are thus organized into 
hierarchies. Unlike most controlled vocabularies, WordNet 
also includes adjectives and adverbs in its database. However 
there is quite limited use of  associative term type links, so 
the navigation tends to be, on the whole, hierarchical. 

WordNet is a good example of  a resource that has in-
herited content. Although initially it was intellectually con-
structed, it draws on older sources such as thesauri (Baro-
cas et al. 2018) that themselves may contain bias, and be-
cause of  its widespread use in computational linguistics it 
passes on that bias.  
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In some applications, researchers repurpose an exist-
ing scheme of  classification to define the target varia-
ble rather than creating one from scratch. For exam-
ple, an object recognition system can be created by 
training a classifier on ImageNet, a database of  images 
organized in a hierarchy of  concepts. ImageNet’s hi-
erarchy comes from Wordnet, a database of  words, 
categories, and the relationships among them. Word-
net’s authors in turn imported the word lists from a 
number of  older sources, such as thesauri. As a result, 
WordNet (and ImageNet) categories contain numer-
ous outmoded words and associations, such as occu-
pations that no longer exist and stereotyped gender 
associations. 

 
Even a cursory examination of  WordNet’s religious cate-
gories reveals some very evident examples of  bias. As with 

many humanities and social science disciplines, particularly 
those where there is a strong cultural dimension, language 
is a source of  some problematic classes and linguistic ex-
pressions. Similarly, the precise analytical structure of  
WordNet, based on linguistics principles, while it is highly 
suitable for the sciences, does not always serve the rather 
messier humanistic domains nearly as well. Accurate and 
comprehensive category structure is not necessarily to be 
found, and in many cases the arrays are incomplete. 

If  we consider the standard criticisms of  biased religion 
classes in standard bibliographic classifications, many of  
the same shortcomings are evident in WordNet. For exam-
ple, if  we look at the hierarchical display of  hyponyms 
(subordinate classes) under Religion (disregarding the an-
notations and further levels of  hierarchy) we find: 

 

Figure 1. Entry for “religion” in WordNet.
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When compared with the standard “big twelve” reli-
gions acknowledged by most sources (for example, Hin-
nells 2017; Boyett 2016), WordNet fails to mention Baha’i, 
Confucianism, Jainism, Sikhism (other than through its 
subset Khalsa), Zoroastrianism, and, amazingly, Islam. Ex-
panding the list to include “full hyponyms” expands the 
hierarchy and brings in various Christian denominations, 
movements within Judaism and Buddhism, and under 
sects, Anglican High Church, Sunni and Shi’a Islam, the 
Society of  Friends or Quakers, Jainism and Hare Krishna. 
Perhaps surprisingly, Scientology appears, but not the 
Mormon Church. 

Needless to say, the omissions, odd associations and 
peculiar language (Hindooism looks very antiquated and 
mildly offensive) would be unacceptable in a modern the-
saurus or bibliographic classification. Many of  the defini-
tions and verbal qualifications of  entries exhibit some odd 
if  not doubtful attitudes, as in the definition: “Hindooism 
(a body of  religious and philosophical beliefs and cultural 
practices native to India and based on a caste system.” 
There are differing schools of  thought about the caste 
system, and whether it arises from socioeconomic rather 
than religious forces, and this is a very contentious state-
ment. Similarly, Paganism (synonyms: pagan religion, hea-
thenism) is defined as “any of  various religions other than 
Christianity or Judaism or Islamism” which is certainly 
inaccurate in respect of  modern pagans, and potentially 
offensive to followers of  the non-monotheistic faiths. Per-
haps the worse sufferer is Islam, which is provided with 
the synonyms Muslimism, Mohammedanism, Muham-
madanism, and Islamism. The Oxford English Dictionary 
says of  Mohammedanism that “its use is now widely seen 
as depreciatory or offensive,” and none of  these terms feel  

very appropriate or polite. It seems likely that this rather 
uncomfortable content has been imported from much 
older dictionaries without review or amendment. 

Along with such archaic uses of  language, there is also 
a leaning towards a strongly Christian-flavoured under-
standing of  religious terminology, as opposed to a more 
multi-faith approach; examples of  this can be seen in the 
table below. The terms have been chosen as relatively neu-
tral ones which occur in a variety of  religions, but in defin-
ing the terms or providing synonyms WordNet imposes a 
broadly Christian interpretation (see figure 2).  

In fairness to WordNet, it does contain many religion 
specific terms (bhakti, Gemara, hajj, lama, menorah, nir-
vana, shaman, Sufi, synagogue, etc.), but because of  the 
mainly hierarchical structure these are not easily accessed 
through the parent religion. This positive feature needs 
also to be set against the general Christian tenor of  the 
vocabulary and the evident tendency to view religion 
through a Christian lens. 

There are also some straightforward factual inaccura-
cies in WordNet, for instance the qualifier of  Hinduism 
“(the religion of  most people in India, Bangladesh, Sri 
Lanka, and Nepal),” whereas the dominant religion in 
Bangladesh is Sunni Islam, followed by 83.4% of  the pop-
ulation (Sawe 2019).  

These significant shortcomings demonstrate a very 
considerable bias and a disregard for fairness and sensitiv-
ity towards minority groups. The gravity of  bias in Word-
Net is considerably magnified by its widespread use as a 
lexical source for automatic classifiers, which implies that 
the prejudices will indeed have been inherited and rein-
forced by a great number of  other intelligent agents. 
 
 

 

Figure 2. Synonyms in WordNet.
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6.0 What solutions exist to the problem of  bias? 
 
As is the case in library and information science, where the 
interests and priorities of  the user community demand a 
privileging of  those interests, bias is not always regarded as 
a bad thing. It is generally agreed that the very fact of  a spe-
cific perspective unwittingly and unavoidably generates bias 
towards the favoured group (such as classification schemes 
for libraries with specific religious affiliations). Given the im-
portance of  meeting user expectations and the needs of  the 
user community, bias can be seen as an ethically-neutral phe-
nomenon.  

In other cases the investigation of  bias is simply a part 
of  the scholarly study of  society and the legitimate search 
for patterns and trends in human cultures. For example, a 
paper by Kozlowski et al. (2019, 38) shows how the ma-
chine analytical technique of  word embedding can help to 
reveal changes in social attitudes over time and historic 
changes in word meanings. In different situations, the 
identification of  bias may be the preliminary to addressing 
it in a social and political context, and is a useful tool in 
highlighting social inequalities.  

In a wider context however, bias should be energetically 
tackled if  the system is not to appear as the tool of  a par-
ticular cultural, political, or disciplinary community. Bias 
inherent in data is generally regarded as undesirable and 
has generated an area of  research activity under the general 
heading of  machine-learning fairness. Barocas, Hardt, and 
Narayanan (2018) provide a broadly-based survey of  a 
number of  problems and potential solutions, based on sta-
tistical adjustment. The book “offers a critical take on cur-
rent practice of  machine learning as well as proposed tech-
nical fixes for achieving fairness.” 

Mancuhan and Clifton (2014) also propose a statistical 
solution to bias in data used for automatic financial deci-
sion-making, employing Bayesian techniques to identify 
and automatically correct bias. This is incidentally one of  
the few papers to reference religion as an attribute subject 
to bias, although the authors do not go on to include it in 
their study. 
 
6.1 A moral and religious solution 
 
As with every other area of  human life, machine intelligence 
has impacted religious communities, apart from the general 
philosophical questions of  whether robots can act as moral 
agents. A number of  applications exist which aim to support 
religious practice, such as the Roman Catholic Confession 
app (Rau 2011) and Muslim Pro which can tell you prayer 
times and the direction of  Mecca in your own town or vil-
lage (Muslim Pro 2019), and attempts have already been 
made to use robots in ritual. Most of  the literature here is in 
popular journals and the press, so it may be difficult to assess 

how serious these efforts are. We learn of  a Christian robot 
priest in Wittenberg which radiates light from its hands and 
pronounces blessings in five languages as part of  an exhibi-
tion to celebrate 500 years since the invention of  printing 
technology, instrumental in the Reformation and the rise of  
Protestantism (Sherwood 2017). Other cases include a robot 
Buddhist monk in China (Tatlow 2016) which reads scrip-
ture and can answer questions, and another in Japan (Field 
2017) which can “chant prayers and tap drums as part of  a 
funeral ceremony.” 

There is also a literature in the overlap between religious 
philosophy and AI that considers the nature of  the relation-
ships between intelligent agents, humans and the person of  
God, typically whether the creation of  intelligent agents in 
some sense mirrors the creation of  humans (Herzfeld 
2003), and if  the possibilities of  transhumanism through the 
technological alteration of  species are realizable (Dumsday 
2017). Vidal (2007, 930) makes a comparison between man’s 
interaction with artificial beings and his interactions with the 
gods, asking whether the similarities are not caused by un-
certainty: 
 

But it is also true that where interaction is supposed 
to exist between the gods and their worshippers, 
there always remains a strong element of  uncertainty 
which cannot easily be dismissed concerning the ex-
act ontological nature of  the hybrid arrangement by 
which the divinity's presence is made manifest. It is 
precisely the same sort of  ontological uncertainty 
that one finds expressed in the field of  robotics. And 
this is also why robots both fascinate and worry the 
general public.  

 
6.2 The moral and religious life of  machines 
 
A pressing question is whether a real sense of  moral re-
sponsibility can be developed in intelligent agents, or, more 
fancifully perhaps, a proper religious sense. In human be-
ings, it may seem obvious that ethical decisions differ in 
some significant respect from other kinds of  decisions, 
and that intellectual reasoning is subordinate to, or at least 
strongly influenced by, emotional intelligence. As Liao 
(2016) says: 
 

Central area of  intellectual inquiry across different  
disciplines involves understanding the nature, prac-
tice, and reliability of  moral judgments. For instance, 
an issue of  perennial interest concerns what moral 
judgments are and how moral judgments differ from 
nonmoral judgments. Moral judgments such as “Tor-
ture is wrong” seem different from nonmoral judg-
ments such as “Water is wet.” But how do moral judg-
ments differ from nonmoral, but normative judg- 
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ments such as “The time on the clock is wrong” or 
“Talking with one’s mouth full is wrong”? 

 
However, work in neuroscience has questioned whether 
this distinction between cognitive and emotional aspects 
of  moral judgements is valid, suggesting instead that all 
such decisions depend on reasoning through complex cal-
culation rather than a response to stimulus (Woodward 
2016). Quartz (2009, 214) states: 
 

Perhaps the most surprising finding to date is that 
core emotional structures, including the midbrain do-
pamine system and insula, decompose uncertain 
choice contexts along the statistical dimensions that 
are the cornerstone of  FDT [Financial decision the-
ory] … recent findings suggest that the encoding of  
value in midbrain dopamine areas might underlie an 
early implicit encoding that is signaled to orbitofrontal 
cortex, where it guides choice.  

 
Recent studies have shown that it is possible to identify 
precisely areas of  the human brain responsible for social 
and moral behaviour, and to link deficits in brain function 
to immoral, or amoral, behaviour (Damasio 1994; Shoe-
maker 2012). Shoemaker (2012, 807) states: 
 

The basic limbic emotions are those present in all 
mammals emanating from phylogenetically analogous 
brain structures collectively called the limbic system 
… These are fear, anger, disgust, sadness, and happi-
ness; they function chiefly to promote the survival of  
the individual. The moral emotions, the product of  
the social brain network, arise later in development 
and evolution (Adolphs 2003). They are guilt, shame, 
embarrassment, jealousy, pride, and altruism; they 
function to regulate social behaviors, often in the 
long-term interest of  a social group rather than the 
short-term interest of  the individual person (Adolphs 
2003).  

 
Such work has considerable implications for the develop-
ment of  ethically responsible machines, since if  the nature 
of  decision-making can be made explicit and the process 
modelled, then it is, at least theoretically, possible to repli-
cate this process in machine decision-making. 

A further and more difficult question is whether it is 
possible to inculcate religious sensibility in machines by a 
similar methodology. In the speculative Age of  Spiritual Ma-
chines (1999, 6) Kurzweil, technologist and futurist, sug-
gests that in the distant future this will happen spontane-
ously as the result of  technological evolution: 
 

Even if  we limit our discussion to computers that 
are not directly derived from a particular human 
brain, they will increasingly appear to have their own 
personalities, evidencing reactions that we can only 
label as emotions and articulating their own goals 
andpurposes. They will appear to have their own free 
will. They will claim to have spiritual experiences. 
And people—those still using carbon‐based neurons 
or otherwise—will believe them.’ 

 
Some specific studies of  the relationship between AI and 
religion include William Sims Bainbridge’s God From the Ma-
chine (2006), which investigates the question of  whether re-
ligious activity might occur spontaneously in machine learn-
ing. Bainbridge and Stark (1987) proposed a general theo-
retical framework for the scientific study of  religion, which 
included, among many other propositions, reasons for the 
emergence of  cults and for cult affiliation; individuals char-
acterized by high levels of  education and social isolation, it 
is suggested, are more likely to participate in cults, a theory 
supported in part by practical testing (Bader and Damaris 
1996). In 1995 Bainbridge employed the technique of  neural 
network modelling to test his theory, and to identify the rea-
sons for human religious behaviour. The idea of  religion, 
however, is not part of  the data supplied (484): “While not 
denying the possibility of  God’s existence, our theory at-
tempts to explain human religious behavior without assum-
ing the truth of  religion. Therefore, there is no axiom as-
serting the existence of  the supernatural.” The program at-
tempts to formalise communication and models a commu-
nity who seek exchanges with each other in search of  the 
basics of  existence and of  beneficial exchanges leading to 
personal rewards (486 emphasis original): 
 

In the scenario accompanying the program, they are 
called energy, water, food, oxygen, and life. Some people 
are producers of  one or another of  the first four re-
wards, and the simulation models the development 
of  a little economy based on exchange of  these con-
sumable rewards. But none of  the 24 people can pro-
vide each other with eternal life. 

 
Bainbridge describes how, in the attempt to find suitable 
exchange partners for these more intangible rewards, the 
concept of  the supernatural, within the context of  a folk 
religion, may emerge spontaneously (492): 
 

In the subculture-evolution model, an intensely in-
teracting group of  individuals commits itself  to the 
attainment of  rewards, some of  which are very dif-
ficult or even impossible to obtain. As they exchange 
rewards among themselves, they also exchange ex-
planations about how to get other rewards, and in 
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the attempt to satisfy each other, they magnify 
slightly their positive evaluation of  explanations. 
Those explanations that can be evaluated empirically 
will be rejected, leaving the nonempirical (supernat-
ural) explanations that cannot readily be evaluated. 
Faith will spiral upward, and the group will create a 
folk religion through a series of  thousands of  tiny 
communication steps. 

 
In a more developed version of  the methodology, Bain-
bridge (2006) concludes that this is a natural, and to some 
extent inevitable, process that he is able to model in vari-
ous ways. He posits that it is quite feasible that, primed 
with appropriate theological information, machines might 
also “communicate ideas as if  they were exchange partners 
engaged in theological discussion with each other” (137), 
and that “once separated to some degree from external 
control, the evolving cult develops … the end point of  
successful cult evolution is a novel religious culture (139).” 
 
7.0 Conclusion 
 
The phenomenon of  bias is found to be widespread in ma-
chine intelligence, both in data per se and in semantic con-
tent derived from text corpora. Most of  the studies of  ma-
chine bias have focussed on demographics such as gender, 
race, and occasionally, social class. Although it is mentioned 
in a few papers as another potential focus for bias, religious 
affiliation has not been investigated in the same way, despite 
the obvious existence of  religious prejudice in society. How-
ever, examination of  the well-established and influential re-
source WordNet shows high levels of  bias in its structural 
associations and use of  language, almost certainly as a result 
of  inheritance from vocabularies used in its original con-
struction. Because of  its widespread use in the creation of  
search and discovery tools, particularly automatic classifiers, 
WordNet is likely to have passed on these prejudices. 

Addressing the problems of  bias has mainly concen-
trated on technical solutions, but recent research in model-
ling the ethical behaviour of  humans suggests that intelli-
gent agents may be able to develop a sense of  fairness and 
moral responsibility independently of  humans, and one not 
assuming pre-programming with specific rules. Several writ-
ers speculate that, in time, a sense of  the religious could also 
emerge, and can provide a detailed demonstration of  how 
this might happen using similar neural network methodolo-
gies. In time, robots themselves might be equipped to deal 
with the phenomenon of  religious prejudice. 
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