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Abstract

rtificial Intelligence models can be informative; they can provide insight and
Aaccelerate scientific discovery. However, they can also hallucinate, reproduce

biases from their training data, manufacture spurious associations, and they
remain susceptible to malicious corruption. Critically, contemporary Al models lack
the capacity to reliably and reproducibly distinguish such biased, malicious or
counterfactual training data from legitimate data. Moreover, they do not have the
capability to reliably validate their outputs. The curation of their training data and the
validation of their outputs therefore remain the responsibility of their human
operators.
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When ELIZA met PARRY: algorithms and intelligence

There is a problem with Artificial Intelligence (Al): its intelligence. As a research
community, it is important that we remain mindful of this embedded paradox and
resist the propensity to mistake insight, complexity, and fluency for intelligence.

In 1950, Alan Turing proposed a test that could be used to determine whether a
machine had reached human-like intelligence. He referred to the test as the
“Imitation Game"” (Turing, 1950). The game involved three participants: a computer, a
human, and a human interrogator. Under the rules, the interrogator, blinded to the
respondent, would question both the computer and human communicating only via
keyboard and screen. If the interrogator could not reliably identify which respondent
was the computer and which was the human, the computer would be deemed to be
"intelligent.” Although the validity of the Imitation Game has been the subject of
considerable academic debate, it remains one of the earliest attempts to characterise
machine intelligence (Searle, 1980).

In order to be a successful participant in the Imitation Game, a computer would need
to be able to conduct a conservation in natural language such that it would be
indistinguishable from that of the human participant; a capability now formalised as
a sub-speciality of Al, Natural Language Processing (NLP). Joseph Weizenbaum, a
computer scientist at MIT addressed this requirement directly when in 1964 he
introduced the computer program “ELIZA” (Weizenbaum, 1966). ELIZA was one of
the first programs capable of conducting a conversation with a human. The program
simulated a therapy session with a Rogerian psychotherapist (Rogers, 1957) by
analysing a user's inputs typed on a keyboard, identifying keywords, and
reformulating statements as questions. The questions were then displayed on the
computer screen. In response to a user typing "l feel sad", ELIZA might respond,
"Why do you feel sad?" ELIZA had no capacity for comprehension; it relied entirely
on pattern-matching rules to restructure sentences and produce responses, thereby
creating an illusion of meaningful conversation. Notwithstanding this technical
nuance, it was reported that multiple users attributed a level of consciousness to
ELIZA.

Weizenbaum himself was surprised at how quickly users confided in his program:
"I was startled to see how quickly and how very deeply people ... became
emotionally involved with the computer and how unequivocally they
anthropomorphized it. Once my secretary, who had watched me work on
the program for many months and therefore surely knew it to be merely a
computer program, started conversing with it. After only a few
interchanges with it, she asked me to leave the room."

(Weizenbaum, 1976)
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The propensity for humans to confuse the outputs of computer algorithms with
intelligence has become known as the “ELIZA effect” (Turkle, 2005).

In a further demonstration of the human minds ability to evoke spectres of
intelligence, Colby et al. investigated a computer program “PARRY", that simulated
the language patterns of a patient experiencing paranoia (Colby et al., 1972). In their
study, 100 psychiatrists were provided with two interview transcripts, one with a real
paranoid patient and one with PARRY. The psychiatrists were then asked to identify
which was which. Notably, only 52.5% answered correctly, a rate indistinguishable
from chance: trained clinical experts could not reliably distinguish the synthetic
outputs of a pattern-matching algorithm from a human mind in genuine distress.

As may be expected PARRY was introduced to ELIZA" (Cerf, 1972):

ELIZA - Good Evening.

Tell me your problems. Please terminate input with a period or a question mark.
PARRY - People get on my nerves sometimes.

ELIZA - | am not sure | understand you fully.

PARRY - You should pay more attention.

ELIZA - Suppose you should pay more attention.

PARRY - You're entitled to your own opinion.

Our ability to willingly attribute intelligence to computers is not limited to the
interpretation of synthetic conservation. In 2016, one of the more celebrated
demonstrations of Al took place when an Al system competed against a human in
the board game Go. For decades, Go had been regarded as a far more difficult
competitive challenge for computer gaming than chess because of the enormous
number of possible board positions and the reliance on pattern recognition and
strategic judgement (Silver et al., 2016). AlphaGo, an Al system developed by Google
DeepMind for the purpose of playing Go, attracted international attention during a
five-game match against the Go world champion, Lee Sedol. In the second game,
AlphaGo selected the now-famous "Move 37", a move so unconventional that expert
commentators initially believed it to be a mistake. Lee himself reportedly left the
room for several minutes before returning to continue the match. The move was
eventually demonstrated to be extraordinarily insightful and AlphaGo won the series
4-1, with Lee claiming the only victory ever achieved by a human against that version
of the AlphaGo system. Three years later, Lee retired from professional competition,
stating, "Even if | become the number one, there is an entity that cannot be
defeated" (Yoo, 2019).

L ELIZA was the name of the software program, however, Weizenbaum referred to the Rogerian algorithm as
“DOCTOR” and this latter description is frequently used in published literature.
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However, Move 37 was not the product of conscious reasoning or creative intent; it
emerged from a Monte Carlo Tree Search guided by statistical models (neural
networks) trained through millions of self-played games. What observers interpreted
as creativity was, arguably, surprise at the discovery of an unfamiliar move rather
than evidence of intelligence. The move was remarkable not because the machine
understood, but because statistical optimisation had arrived at a solution that human
intuition had overlooked.

Patterns with purpose: training Al

The mathematical models used in Al are many and varied; however, for the purpose
of this discourse we will consider two broad categories: unsupervised and supervised
models. Unsupervised Al models are used to discover latent patterns in data.
Consider, for example, that we have a set of observations about a cohort of patients:
average heart rate, respiration rate, age on admission, and length of stay (LOS) in
hospital as determined on discharge. These four parameters could be recorded as a
list of values for each patient. Assume we are interested in investigating whether the
patients could be grouped in any clinically relevant way. Using an unsupervised
learning approach, we would first design an algorithm for determining the level of
similarity between each patient's observations. If patient 1 had a heart rate of 80 and
patient 2 a heart rate of 90, a simple measure of similarity may be 90-80 (=10). Using
this process to calculate the similarity between each patient's observations, we would
then use an algorithm to group together (cluster) the patients who were most
similar. We may be surprised to find that the clustered patients had similar clinical
characteristics (for example, older patients with lower heart rates may have a greater
average LOS). This is not an intelligent process; it is mathematics. Importantly, the
membership of the resultant clusters would depend on how similarity was measured,
which variables were included, and, for many clustering techniques, the specification
of the number of clusters to be generated. If these choices are not appropriate, the
resulting clusters may have little or no clinical significance (Han et al., 2022).

Supervised learning is a process whereby models are trained to predict an outcome.
Using our previous example, we would train a model to predict LOS by presenting it
with the physiological and demographic data (heart rate, respiration rate and age)
for each patient in sequence and “asking” it to generate an expected LOS. The
difference between the patient's known LOS and the model's prediction could then
be used to iteratively adjust the model's internal parameters until it reasonably
predicted the LOS of patients in the known (training) data. The model could then be
used to predict the LOS for patients it had not previously encountered. Critically, the
performance of a supervised model depends on how accurately the outcome of
interest (LOS) is defined and whether the input observations genuinely contain
information that predicts that outcome. If these assumptions are not valid, a model
may appear to perform well during development but fail when applied in practice
(Hastie et al., 2009). Critically, supervised models replicate biases in training data: a
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model trained on data derived from Caucasian males may not readily generalise to
the broader human population. In an important study, Adamson et al. reported
significant error rates in dermatological image-classification algorithms that had
been trained predominately on light-skinned patients when applied to patients with
darker skin tones (Adamson & Smith, 2018). This study reflected a wider concern in
clinical analytics that Al trained on non-representative data risks systemic
underperformance for women, racial and ethnic minorities, and other historically
underserved populations. Such methodological failures have serious implications for
diagnostic accuracy and equitable care (Chen et al,, 2021).

As the science and practice of Al evolves, so does the complexity of its representative
models. Large Language Models (LLMs) are a notable example of this evolution.
These models converge many of the disparate techniques of Al into composite
systems capable of producing human-like language. LLMs are trained on vast
collections of human-generated text; conceptually, they model the probabilistic
relationships between words and sequences of words. This enables them to produce
responses that appear intelligent, rapidly presenting information drawn from their
extensive training data. They generate sentences by iteratively and probabilistically
selecting the next most likely word in a sequence.

Although LLMs may uncover latent or complex patterns obscured within the vastness
of human-generated text, they do not independently verify, understand, or establish
new knowledge. In an academic critique of their architecture, they have been
described as “stochastic parrots” (Bender et al., 2021); systems that reproduce
complex probabilistic linguistic patterns from their training data without an
understanding of the meaning or possible misdirection embedded in the responses
they provide.

LLMs reflect human knowledge with all its complexity, ambiguity, biases and
misunderstandings. Moreover, they lack a grounded mechanism for determining
truth from falsehood; they can hallucinate without awareness, create fictitious
connections where none exist and, as has been reported, generate responses that
would be considered unacceptable or harmful in many contexts (Bommasani et al.,
2022; Ji et al., 2023; Weidinger et al., 2021). Such vulnerability is not limited to
unintentional training biases: LLMs can be miss-trained through malicious intent in a
process known as poisoning (Xu & Parhi, 2025). Souly et al. found that inserting as
few as 250 carefully designed documents into a training set was enough to alter a
model's behaviour in a targeted way, regardless of how much legitimate data had
been used in training (Souly et al., 2025). In a further investigation of poisoning
mechanisms, Carlini et al. reported two mechanisms an attacker could use to infect
the web-scraped data used to train LLMs: purchasing expired domains that were
referenced in the training data, so that a crawler would capture attacker-controlled
malicious content at that address (split-view poisoning); and timing malicious
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Wikipedia edits to coincide with the periodic snapshots used to build training
datasets (front-running) (Carlini et al., 2024).

Despite these limitations, the outputs of these models can be remarkable
informative. One of the more notable strengths of the current generation of LLMs is
in software development. It is now possible to ask an LLM to construct a specific type
of program, for example, a website and, through its learned representations of
language and code, it will generate a high-quality code corpus in a fraction of the
time required by a human programmer.

Integrity is a critical determinant of trustworthy research and knowledge generation.
However, integrity is not simply a consequence of intelligence; it also requires
responsibility; an accountability for the consequences of one's actions. Contemporary
Al systems do not possess understanding, agency or responsibility, nor an intrinsic
commitment to integrity. These qualities cannot be engineered into Al directly; they
must instead be exercised by the humans who curate the training data, design
guardrails, and interpret outputs with a level of enthusiastic scepticism.

Finally, beyond the systemic risks associated with an over-reliance on models that
reproduce a probabilistic version of human knowledge, the use of Al introduces
questions of technological dependency and resilience. As these models become
increasingly integrated into academia, business, healthcare and everyday life, critical
functions may become dependent on infrastructure developed, maintained and
governed by a small number of multinational corporations. This concentration of
resources raises important questions about access, continuity and control. If the cost
of access were to substantially increase, or availability be interrupted due to
commercial, technical or geopolitical factors, contemporaneous research and clinical
care may be compromised. For a country such as Australi, that relies heavily on
internationally developed digital infrastructure, these questions represent a
significant strategic challenge.

Conclusion

Al is remarkable. It is adjunctive; it can enrich our lives and improve our
understanding of the world. It can uncover patterns and relationships that have
previously been opaque to discovery (Jumper et al., 2021). It is already helping solve
mathematical problems that have challenged researchers for centuries (Davies et al.,
2021); providing insights into new physics (Cranmer et al.,, n.d.); and assisting clinician
scientists to develop new therapies (Stokes et al., 2020). However, it is important to
remember that contemporary Al models are imperfect and that their training data
requires careful curation and their outputs considered review.

There are two benefits of being human: we are not artificial, and we are (mostly)
intelligent. Unlike machines, we do not merely navigate a landscape of learned
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probabilistic associations; we conceive, we imagine and we create. To
anthropomorphise Al, and mistake its outputs for intelligence, is to deny our own
capacity for original thought, and to misunderstand the richness and unbounded
capability of the human collective. An artificial intelligence may be birthed in the
future, however at this juncture its progenitors are learning the rules of the dance
and its conception is still pending.
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